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Abstract

We study how lenders compete for repayment priority in environments with
selective default. We document that lenders obtain informal seniority by increas-
ing borrowers’ continuation values through credit limits, interest rates, and cross-
selling. We show that such competition can lead to either over- or underprovi-
sion of relationship benefits relative to the first best. Because of these oppos-
ing forces, widely used cross-default provisions may be suboptimal, and reduc-
ing competition or raising origination costs can increase welfare. We develop a
sufficient-statistic approach to quantify the impact of these policies on welfare.
Using quasi-experimental variation in search costs together with the sufficient-
statistic approach, we show that lowering search costs decreased welfare in our
setup.
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“Everyone in Brazil has four credit cards, and if they don’t have money to buy
groceries, they use all these cards.[...] But they pay the one from the bank they
have the relationship with. Banks don’t care if you have a negative score if you
keep paying them. So, being the main bank determines the cost of credit. People
underestimate the huge relationship between being the main bank and default risk.
If you are the principal relationship bank, they might default on the other banks but
you will be the last one.”

The former CFO of Itaú, the largest private bank in Latin America,
in an interview

1 Introduction

Debt dilution is a central contracting problem in corporate finance.1 By originating
new loans, lenders may impose a default externality on their competitors by affecting
the borrower’s ability and incentives to repay existing obligations held by other insti-
tutions (e.g., Bizer and DeMarzo, 1992; Parlour and Rajan, 2001; Green and Liu, 2021).
The vast majority of the literature is theoretical, and analyses debt dilution assuming
universal default (e.g., due to cross- default provisions) and the existence of repay-
ment priority rules, exogenously set by the regulator. However, in many environments
– such as trade credit, sovereign debt or retail loans – priority rules and cross-default
provisions are absent or imperfectly enforceable.2 We argue that, in such settings, re-
payment priority is determined endogenously by continuation values: borrowers re-
pay the loan whose continuation value is highest, and lenders compete for repayment
priority through contract terms, such as credit limits or cross-selling. We call this phe-
nomenon informal seniority. This paper studies, empirically and theoretically, how
informal seniority shapes contract terms, welfare, and optimal regulation.

Unsecured retail credit markets provide a natural setting inwhich to study informal
seniority. Individuals often holdmultiple credit cards and loans fromdifferent lenders.
Unlike corporate credit contracts, household credit contracts typically allow borrowers
to become delinquent on one obligation without triggering immediate consequences

1See, for instance, Bizer and DeMarzo (1992). It has shaped important parts of creditor/bankruptcy
law, including priority rules and antidilution covenants.

2Examples include cross-border contracts, such as international trade finance (Antras and Foley,
2015); sovereign debt (Erce and Mallucci, 2018); trade credit (e.g., Cuñat, 2007; Dahis et al., 2024;
Brugués, 2026); informal lending; and financial markets in countries where enforcement may be im-
perfect or prohibitively costly (e.g., Djankov et al., 2007). Even in formal credit markets, bankruptcy
procedures are often costly, slow, and uncertain, and financial distress is frequently resolved outside
bankruptcy (Dawsey et al., 2013).
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from other lenders.3 Retail borrowers can therefore choose which creditors to repay,
making repayment priority endogenous.

In the first part of the paper, we show that selective default is quantitatively relevant
in the retail credit card market and analyze its determinants. Our analysis leverages
administrative data from the Central Bank of Brazil. Unlike the vast majority of credit
registries, we observe all loans held by a given borrower across all financial institu-
tions, including mortgages, car loans, consumer loans, and credit cards. This feature
allows us to reconstruct each borrower’s complete loan portfolio and document new
facts about repayment behaviour in the presence of multiple lending relationships. For
instance, we show that borrowers rarely simultaneously default on all their cards: only
10% of default are universal. Second, we show that borrowers prioritize the repayment
ofmore favorable credit contracts: conditional on selective default, they aremore likely
to continue servicing cards with higher available limits, lower interest rates, those is-
sued by digital banks, and those provided by lenders that also supply other financial
products, such as auto loans.

In the second part of the paper, we study the implications of competition for infor-
mal seniority theoretically, and develop a sufficient statistic to assess thewelfare impact
of different policies. To do so, we relax the simultaneous default and equal-recovery
assumption made in models of non-exclusive lending (e.g., Bizer and DeMarzo, 1992;
Green and Liu, 2021) by allowing borrowers to prioritize repaying contracts with more
favorable terms. In themodel, lenders impose default externalities on their competitors
through two distinct channels. The first is the standard debt-dilution channel: origi-
nating a new loan increases overall indebtedness and raises default probabilities across
all outstanding loans. The second is novel and operates through repayment prioritisa-
tion: issuing a new loan affects which obligations the borrower chooses to repay. We
show that distinguishing between these channels is important, as they generate differ-
ent positive and normative implications.

We begin our empirical analysis by documenting three facts suggesting that debt
dilution is a first-order force in the credit card market. First, multi-lender borrowing is
pervasive: among 85 million credit card users in June 2022, 39.4 million (46.5%) main-
tained active cards issued by two or more institutions, collectively accounting for over
70% of the total outstanding credit card balance. Second, borrowing through credit
cards is common. Approximately 50% of borrowers revolve their balance at the end
of the month.4 Finally, default rates are high: during the sample period, 9% of credit
card borrowers default on at least one card, defined as failing to make the minimum

3For evidence on debt prioritization across loan types, such as mortgages versus credit cards, see
Federal Reserve Bank of New York, Liberty Street Economics, “When the Household Pie Shrinks, Who
Gets Their Slice?” (March 2025).

4About 20% of monthly credit card purchases are not repaid at the end of the month due to revolving
balances and card-linked buy-now-pay-later arrangements.
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payment for 90 days or more.
We then derive new facts about repayment behavior in the credit cardmarket. First,

we highlight that borrowers with multiple active cards rarely default on all their active
cards. Indeed, among those who default on at least one card, only 16% default on all of
their active cards, meaning that 84% continue to make payments on at least one card.
This pattern is not driven by lenders preemptively cancelling credit cards. Defaulting
on one card has little effect on the credit limits or interest rates of other cards, whereas
limits and monthly usage drop to zero on cards that borrowers do not repay.

Second, we test for the presence of the standard debt dilution channel by estimating
the causal effect of obtaining an additional card on default on any card. To do so, we
exploit a novel, plausibly exogenous variation in the number of cards owned within
a difference-in-differences framework. The variation arises when banks form partner-
ships with a firm. The arrangement requires employees to receive their wages through
the partner bank, thereby increasing the likelihood that they obtain a card from that
bank. We compare two groups of borrowers employed at the same firm around the
time the partner bank changed: those who already had a relationship with the partner
bank before the contract (control) and those who did not (treatment). The identifica-
tion assumption is that, absent the partner bank’s change, the two groups of workers
would have continued to follow parallel trends. Thus, the observed relative change in
default probability between them can be attributed to the increased likelihood of the
treatment group obtaining a new card. We find that the relative default probability of
the treated borrowers one year after the treatment increases by 1.1 percentage points.
Given that treated borrowers acquire, on average, 0.11 new card lenders, obtaining a
new card lender increases default rates by 10 percentage points.5. This difference-in-
differences framework allows variation in the search cost of getting an additional credit
card. Later, we exploit those estimates together with our model to assess the impact of
lowering search costs on welfare.

We also provide suggestive evidence that lenders can compete to gain loan seniority
(i.e., be the bank the borrower prioritizes repaying) through contract terms and cross-
selling. We document this pattern by examiningwhich card each financially distressed
individual chooses to repay. Estimating regressions of default choices among selective
defaulters holding multiple credit cards, we find that, on average, these borrowers de-
fault on 45% of their cards and systematically prioritize repayment of cardswith higher
credit limits (by 4 percentage points), those originated by digital banks (by 14 per-
centage points), and those issued by lenders that also provide other financial products
(e.g., a 14-percentage-point higher repayment probability when the lender also holds
the borrower’s mortgage and a 5-percentage-point higher probability when the lender

5The impact on default probability is of a similar magnitude to the one found in De Giorgi et al.
(2023) for retail borrowers in Mexico.
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holds the borrower’s auto loan).
These estimates should be interpreted with caution, as they are not recovered us-

ing quasi-experimental variation. Nevertheless, the richness of our data allows us to
absorb a wide range of confounding factors by exploiting within-borrower variation
among selective defaulters. For example, we identify the coefficient on credit limit us-
ing selective defaulters: we compare the default choices of the same borrower across
multiple cards with different limits. This structure allows us to include borrower-time
fixed effects and, given multiple observations per bank, bank-time fixed effects, which
absorb differences across lenders in factors such as debt collection technology. Remain-
ing bias in the estimated effects of contract termswould have to come from unobserved
product-level characteristics correlated with repayment priority, such as rewards pro-
grams on premium cards, which also tend to have higher credit limits. Even if the
coefficients are biased, the results show that default choices across lenders are not ran-
dom. Instead, they covary systematically with lender and contract characteristics that
lenders can plausibly shape, consistent with competition for repayment priority.

Finally, we use earnings calls and interviews of banks’ CFOs and CEOs to show
that lenders communicate in ways consistent with informal seniority (see, for instance,
the quote at the beginning of the paper). For instance, in Brazil, six out of the largest
lenders communicated caring about being perceived as the principal bank and how it
affects default probabilities.

We thenmove to the theoretical analysis. The baseline version of themodel features
two decision periods. In the first period, lenders simultaneously offer loan contracts,
and borrowersmay accept any subset of these offers. The key friction is that they cannot
commit to exclusive contracts as in Green and Liu (2021). In the second period, bor-
rowers choose which loan to repay, subject to a budget constraint. Lenders can choose
the loan interest rate and the credit limit, and can pay a cost to increase the borrower’s
perceived value of repaying the card by providing relationship benefits. We interpret
these relationship benefits as improvements in, for example, the bank’s mobile applica-
tion, the card’s rewards program or investment in customer capital. The analysis also
applies when the benefits takes the form of cross-selling or offering more favourable
terms (credit limits and interest rates) in the future.

We show that there can be over- or underprovision of relationship benefits relative
to the first-best due to two opposing forces. First, the standard debt-dilution channel
generates underprovision. Because of the default externality, lenders expect borrowers
to leverage toomuch relative to the first-best, and thus to default too frequently.6 Hold-
ing default probabilities fixed, this reduces the expected duration of the lending rela-

6As in Bizer and DeMarzo (1992), a lender internalises that originating a new loan increases the
borrower’s default probability on its own loan, but does not internalise the impact on the default prob-
abilities of loans held by other lenders.
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tionship and thus themarginal benefit of relationship benefits for the borrower, thereby
weakening incentives to provide them. Second, competition for repayment priority can
lead to overprovision or underprovision depending on which contract characteristics
the borrower is more sensitive to. For instance, when borrowers care more about (fu-
ture) credit limits than the debt face value, each lender has an incentive to increase
their limits relative to their competitor. This competition leads to an arms race, re-
sulting in overprovision of credit limits. Instead, when borrowers prioritise repaying
the debt with the lower face value (and thus default on the other loans), lenders have
incentives to lower the credit limit so that the debt face value is lower.

In that setup, we show theoretically that standard bankruptcy regulation features,
such as cross-default provisions and increasing competition, can reduce welfare. By
imposing cross-default provisions, the regulator cancels competition for informal se-
niority. When relationship benefits are underprovided, imposing cross-default in-
creases them, which can increase demand for credit cards andworsen the default exter-
nality problem. Our empirical results suggest that the underprovision channel domi-
nates. Using a calibrated version of our model, we show that imposing cross-default
provision would cut welfare by half (the cost is equivalent to roughly doubling the
interest rate).

Using a sufficient-statistic approach in a multi-period model, together with exoge-
nous variation in the cost of getting an additional card, we show that lowering the
cost of acquiring a card decreases welfare. The reason is the following. Because of
the default externality, borrowers take out too many loans. Holding relationship bene-
fits constant, increasing competition (i.e., lower search costs) can increase demand for
cards as lenders decrease the markup. Furthermore, the lower markup decreases in-
centives to compete on repayment priority, as lenders’ marginal profit falls with lower
rates. This effect can either decrease or increase the demand for cards depending on
whether there is under- or overprovision of benefits. The sufficient statistic captures
these forces and suggests that the default-externality effect dominates in our setup.
The statistic implies that the cost of lowering search costs so everyone gets one more
card is equivalent to having them pay 425 reais (i.e., 10 per cent of average monthly
income). Using a mix of the sufficient-statistic approach and parametric assumptions
on lending costs, we further show that credit limits after origination are around 8 per
cent lower than in the first best.

Related Literature

The paper makes two contributions. The first one is theoretical: we provide the first
analysis of informal seniority. The second contribution is empirical. We show selective
default in the retail market and develop tools to bring debt dilution models to the data.
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The reason we need a model is that debt dilution is difficult to observe directly. One
needs to establish notmerely that a firm issues newdebt, but that the issuance transfers
value away from existing creditors relative to a counterfactual in which it did not occur.

We connect to the literature on non-exclusive contracts. Most contributions in this
area are theoretical (e.g., Bizer and DeMarzo, 1992; Parlour and Rajan, 2001; DeMarzo
and He, 2021; Green and Liu, 2021).7 A common assumption in this literature is that
loans with the same formal seniority receive identical recovery rates in default. We de-
part from this framework by studying informal seniority. This approach is particularly
relevant in settings where formal enforcement is weak or costly. Examples include re-
tail and small-business lending, where bankruptcy proceedings are often too expensive
to be used routinely, as well as international trade andmany developing-country credit
markets, where creditors face substantial limitations in enforcing contractual seniority
(e.g., Djankov et al., 2007, 2008). By allowing repayment priority to emerge endoge-
nously, our framework highlights a novel channel through which competition among
lenders shapes contract design and repayment outcomes.

Our paper is closely related to Bolton and Jeanne (2007) and Brunnermeier and
Oehmke (2013), who study how contractual features such as debt renegotiability and
maturity structure affect recovery rates and repayment incentives. Their objective is
to explain, respectively, why sovereign debt may be difficult to renegotiate and why
firms may choose short-term financing. A key conceptual difference is that, in their
models, contractual distortions that increase repayment incentives reduce both default
risk and borrower utility. Consequently, these frameworks do not generate a trade-off
between overprovision and underprovision, and policies that equalize recovery rates
across creditors are generally optimal.

More generally, we contribute to the industrial organisation literature analysing
competition in quality. The vast majority of the literature studies the perfect compe-
tition case in which quality does not impose an externality on others (see, for instance,
Spence, 1975 or more recently Bourreau et al., 2026). Wemake two contributions. First,
we analyse the effect of imperfect competition in amodel inwhich quality provision im-
poses an externality on other firms via debt dilution. Second, we develop a sufficient-
statistic approach to analyse and quantify the welfare impact of policies in this set-up.

Our framework draws on tools from the empirical industrial organisation and pub-
lic economics literature (Chetty 2009), allowing us to bring the model to the data and
quantify the importance of these mechanisms in the credit card market. Our modeling
approach is closely related to the industrial organization literature on banking (e.g.,
Crawford et al., 2018; Clark et al., 2021; Benetton, 2021; Nelson, 2025; Brugués, 2026;

7We focus on the debt-dilution consequences of non-exclusivity. Other studies emphasize its benefits,
including mitigating hold-up problems (e.g., Ioannidou and Ongena, 2010) and providing insurance
against idiosyncratic shocks to lenders’ liquidity (e.g., Detragiache et al., 2000).
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Egan et al., 2026). Existing models in this literature typically assume exclusive lend-
ing relationships and abstract from repayment priority across lenders. We extend this
framework to an environment with non-exclusive contracts, debt dilution, and endoge-
nous repayment priority. By combining insights from the contract-theoretic literature
on non-exclusive lending with tools from empirical industrial organization, our ap-
proach provides a tractable framework for estimatingmodels of informal seniority and
quantifying their implications for market outcomes and policy. The paper is related to
Brugués (2026), which studies an environment in which repayment is sustained by
continuation value. We extend this framework to study debt dilution by allowing the
borrower to contract with multiple lenders rather than a single lender.

Although regulation recognizes selective default,8 the phenomenon has received
relatively little empirical attention. Most work in this area focuses on personal
bankruptcy (e.g., Indarte and Kanz, 2024; Argyle et al., 2025; Antill and Hunter, 2026;
Ben-Ishai et al., 2026), where procedures tend to equalize recovery across creditors
within the same class. We instead study defaults outside formal bankruptcy, which
account for the majority of credit card charge-offs and are characterized by selective
default.9 A small empirical literature documents selective default and debt dilution in
credit markets. Andersson et al. (2013) show that borrowers prioritize mortgage pay-
ments over credit card debt, while Degryse et al. (2016) and De Giorgi et al. (2023)
document that additional borrowing increases default risk on existing loans. Schlegl
et al. (2019) studies repayment priorities across sovereign creditors. We contribute to
this literature by documenting repayment priority within a class of loans that share
the same formal seniority, namely credit cards. We show that repayment decisions are
shaped by the continuation value of lending relationships, implying that seniority can-
not be imposed in the contract via the use of, for instance, secured or unsecured debt,
but must be sustained through the promise of generous contract terms going forward.
This new mechanism is important since it has implications for contract design (e.g.,
interest rates, credit limits), welfare, and bankruptcy regulation.

Our paper also contributes to the empirical literature on credit card borrowing. Re-
cent work has studied the pricing of credit card contracts through the lenses of com-
petition, consumer behavior, and asymmetric information (e.g., Ru and Schoar, 2016;
Stango and Zinman, 2016; Galenianos and Gavazza, 2022; Drechsler et al., 2025; Nel-
son, 2025). While this literature primarily focuses on contract pricing and credit sup-
ply, we study how borrowers allocate repayments across competing lenders and how
these repayment decisions affect equilibrium contract design. Our paper is particularly

8For example, the CARD Act of 2009 restricts credit card issuers from repricing a consumer solely
because the consumer defaulted on another lender’s card.

9The 1999 Visa Bankruptcy Survey reports that 66.7% of charged-off credit card accounts were lost
outside bankruptcy. Similarly, Dawsey and Ausubel (2002) finds that 50.7% of written-off accounts,
representing 45.8% of credit losses in dollar terms, did not involve a bankruptcy filing.
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related to Ponce et al. (2017) and Gathergood et al. (2019), who show that borrowers
often rely on simple heuristics when allocating repayments across debts. We show that
repayment behavior differs markedly among delinquent borrowers. When default is
imminent and the costs of losing access to credit are substantial, borrowers behave
strategically and prioritize the loans that provide the greatest continuation value.

By showing that other loan products affect credit card repayment decisions, we also
contribute to the banking literature on cross-selling (e.g., Basten and Juelsrud, 2026).
The existing literature has focused on account stickiness (Puri and Rocholl, 2008) or
strengthening of the relationship with borrowers (Drucker and Puri, 2005). Our em-
pirical results point to an additional rationale for banks to cross-sell financial products:
cross-selling effectively confers implicit seniority in repayment. This mechanism dif-
fers from existing explanations for cross-selling, which emphasise account stickiness
or the value of lending relationships for future business.

The rest of the paper is organized as follows. Section 2 describes the institutional
setting and the data. Section 3 presents the descriptive statistics and stylized facts. Sec-
tion 4 reports the difference-in-differences results. Section 5 introduces the model, the
equilibrium, welfare analysis, and quantification exercise. Finally, Section 8 concludes.

2 Institutional Setting and Data

2.1 Data

We assemble data from multiple sources to construct a monthly panel dataset of retail
loans for borrowers in Brazil. We focus our main analysis on 2019-2024, when infor-
mation on credit card operations is more complete.

We obtain monthly loan-level data from the credit registry of the Central Bank
of Brazil (Sistema de Informações de Créditos, SCR). The dataset contains the uni-
verse of bank loans—mortgages, personal credit, car loans, credit card loans, payroll-
deductible loans, and others—above 200 BRL (around 35 USD). For each term loan,
we observe outstanding loan amounts, interest rates, maturity, defaults, anonymized
bank and borrower identifiers consistent across products, and the date of origination.
For credit cards, we observe monthly credit card usage, revolving balances, amounts
due each month, and credit limits.10 If a borrower holds multiple cards with the same
bank in a given month (e.g., two cards from different card networks), we observe ag-
gregate amounts across all of their cards. We also observe whether the borrower does
not make the minimum payment due on their card at the end of the month.

10Credit card interest rate information is available only when the borrower maintains a revolving bal-
ance. The accuracy of credit card limit data improved sharply after May 2021. In certain specifications,
we will limit the data to the period following this month.
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To get information on the borrower characteristics, we supplement credit informa-
tion with matched employer-employee data from the Ministry of Labor’s Relação An-
ual de Informações Sociais (RAIS). These data provide information on the wage, em-
ployer, and selected sociodemographic characteristics, including age, sex, and occupa-
tion type. For informal workers, we use the lender’s assessment of their income. After
2023, we also have data on the borrower’s credit score.

To obtain a tractable sample size, we draw a representative sample of the borrower
population using a stratified sampling strategy to ensure sufficient coverage of borrow-
ers experiencing financial distress. Within each cohort, defined at the calendar month
level, we partition the population of borrowers into two groups and draw random sam-
ples. The first group comprises individuals who were current on all cards until failing
to make a payment on at least one card in the cohort month. We designate these in-
dividuals, who may be transitioning into default (more than 90 days past due), as
borrowers nearing distress. The second group comprises all remaining borrowers. Our
focus on credit cards in the debt dilution analysis, and hence our sample construction,
is motivated by the descriptive statistics reported in the next section (Section 2.2). We
provide further details on the sampling procedure and sample characteristics in Ap-
pendix A1.

2.2 The Credit Card Industry in Brazil

In this subsection, we use aggregate, publicly available data to present descriptive
statistics on the Brazilian credit card market and, where possible, compare them with
those of the United States. These statistics suggest that debt dilution is a first-order
force in the credit card market: individuals hold cards issued by multiple institutions
and frequently borrow and default.

Prevalence of multi-lender borrowing. The credit card industry has expanded
rapidly in Brazil. After a stagnant period, the number of active credit cards doubled
and the total amount of credit card loans grew by 73% between 2018 and 2023 (Ap-
pendix Figure A1). The growth in the number of cards was driven by two factors: the
addition of new users and the acquisition of cards from different banks by existing
users. According to Central Bank of Brazil (2022), the number of credit card users in-
creased by 31% between June 2019 and June 2022, from 65 million to 85 million (52%
of the population aged 15 years or older).11 Over the same period, Panel A of Ap-
pendix Figure A2 shows that the share of users with active credit cards from at least
two distinct financial institutions increased from 38% to 47%. Panel B shows that the
share of outstanding credit card balances held by these users rose from 58% to 70%,
consistent with higher average credit card usage among multi-lender users relative to

11We use population figures from the 2022 census.

9



single-lender users. Panel C shows that a substantial portion of the growth in credit
card usage is associated with digital banks, which reduced the costs of applying for
new cards.12 In contrast, in the United States, 82% of consumers used a credit card in
2023, and 76.5% of consumers held two or more cards.13

Credit card borrowing. Borrowing with a credit card is common. In Panel A of
Appendix Figure A3, we decompose the total credit card balance into three parts:
non-interest-bearing purchases, revolving debt, and buy now, pay later. Non-interest-
bearing purchases refer to transactions made during the billing cycle that are fully due
on the next due date and incur no interest charges if paid by that date; revolving debt
refers to the accumulation of debt resulting from not paying the full balance of the
monthly credit card bill; and buy now, pay later debt refers to card transactions where
payment is split into installments, with or without interest charges. The composition
of total credit card debt has remained stable, with non-interest-bearing purchases ac-
counting for 80% of total debt, revolving debt for 10%, and buy now, pay later for 10%.
Using our micro-level data, we show that 50% of borrowers revolve at the end of the
month. This number is similar to the one in the United States (see, for instance, Lee
and Maxted, 2025).

Credit card loans are a substantial part of households’ balance sheets. In Panel
B of Appendix Figure A3, we show that the participation of credit card debt in total
household debt increased from 12.7% to 15% between 2018 and 2023.14 In the United
States, credit cards accounted for 6% of total household debt in 2023.15

Default. Using our micro-level dataset (see Appendix Table A2), we show that
7% of credit cards (approximately 11% of credit card users) are in default in a given
month, where default is defined as failing to make the minimum payment for 90 days.
Conditional on borrowing (revolving and BNPL), the number increases to 15%. In the
United States, default—defined as a credit card loan being charged off in a given year—
occurs at a rate of around 5% (Drechsler et al., 2025) and rises to as high as 10% among
borrowers with low FICO scores.

Appendix Figure A4 shows that the share of total balances in default for revolving
credit card debt exceeded 50% in 2023, while the corresponding share for buy now, pay
later balances reached 10%. The figure also shows that, although credit cards account
for about 15% of total credit, they represent more than 50% of household debt overdue
by more than 15 days, a share that has been increasing since 2018.

12Buchak et al. (2018) and Fuster et al. (2019) document faster application processes among fintech
lenders in the mortgage market.

13Data are drawn from the 2023 Survey and Diary of Consumer Payment Choice conducted by the Federal
Reserve Bank of Atlanta. The information on the number of cards is not fully informative about multi-
lender borrowing, since a consumer may hold multiple cards issued by the same financial institution.

14Credit cards are the most common loan contract, accounting for more than 50% of total household
loan contracts.

15New York Fed Consumer Credit Panel.
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Household debt collection. The default procedure in Brazil is broadly similar to
that in the United States.16 Following a missed credit card payment, lenders typically
send internal reminders via email or phone. During this stage, Brazil’s Consumer Pro-
tection Code prohibits harassment and other abusive collection practices. Creditors
generally wait at least 30 days before reporting the delinquency to private credit bu-
reaus. By contrast, delinquenciesmust be reported to the Central Bank of Brazil’s credit
registry, which is updated monthly and accessible to all financial institutions. If the
debt remains unpaid, lenders may outsource collections, sell the delinquent receivable
to a collection agency, or initiate judicial collection. In practice, few loans are recovered,
as legal proceedings are costly and recovery rates are low.

3 Summary Statistics and Facts

In this section, we provide descriptive statistics and stylized facts obtained from the
sample described in Section 2.1, covering the period from June 2019 to June 2022.

3.1 Summary Statistics

In Table 1, we report summary statistics for groups of individuals owning different
numbers of active cards issued by different institutions. We report these statistics sep-
arately for borrowers nearing distress (defined in Section 2.1) and for a random sample
of the overall borrower population.

While 40% of the overall population holds credit cards frommore than one financial
institution, the incidence is significantly higher among borrowers nearing distress, at 53%.
Within this group, 27% hold cards from two institutions, 14% from three, 6% from four,
3% from five, and another 3% from six ormore institutions. Figure 3 confirms the trend
documented in Section 2.2, namely that the number of active card lenders per borrower
has been increasing since 2019.

Individuals with a larger number of credit card lenders are more likely to hold for-
mal employment, have a higher monthly income, and are more financially integrated.
For example, 36% of those with a single card lender are formally employed, compared
to 46% among those with three card lenders. Wages exhibit an approximately inverted
U-shaped relationshipwith the number of card lenders. Averagemonthly earnings rise
from 3,757 BRL among individuals with a single card to 4,171 BRL among those with
three cards, and subsequently decline to 3,812 BRL for individuals with four cards. In-

16While Brazil, like many emerging economies, lacks a personal bankruptcy law (Indarte and Kanz,
2024), this institutional difference is less consequential in practice because most household debt is re-
solved out of court through collections or private renegotiation rather than through formal bankruptcy
proceedings (Dawsey et al., 2013). Moreover, even in settings with a formal bankruptcy procedure,
lenders can compete for repayment priority before the preferential-payment lookback period begins.
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dividuals with more card lenders exhibit higher debt-service-to-income ratios (18%,
38%, and 59% for those with one, three, and five card lenders, respectively), as well
as higher average limit utilization across their cards (54%, 58%, and 64%). They also
rely more heavily on other forms of credit. For example, 7%, 16%, and 24% of indi-
viduals with one, three, or five card lenders, respectively, hold an auto loan, while the
corresponding figures for consumer loans are 14%, 27%, and 42%.

Individuals in the borrowers nearing distress group tend to have lower incomes (earn-
ing roughly 1,000 BRL less permonth) and are 5–10 percentage points less likely to hold
a formal-sector job. They are also more leveraged, exhibiting higher credit card limit
utilization and a greater propensity to hold other types of loans.

In Table 2, we report default rates in the month before the cohort by category of
number of card lenders. We define default as failing to make the minimum payment
on the card at the end of themonth for more than 90 days. By construction, the share of
borrowers with at least one card in default in the borrower nearing distress subsample is
zero across all categories. In the general population, this share increasesmonotonically
with the number of card lenders (from 7% among borrowers with one card lender to
15% among those with four). However, there is no correlation between the number of
credit cards and default on other loans. We interpret this as suggestive evidence that
debt dilution is more substantial in the credit card market. Yet, in the borrowers nearing
distress group, borrowers with one card lender have a higher probability of defaulting
on other loans compared to borrowers with more than one card lender.

3.2 Four Facts About Default in the Credit Card Market

In this section, we provide four new facts about default behaviour in the credit card
market. First, we show that many borrowers default on only a subset of their cards.
Second, we show that the default probability of borrowers nearing distress six months
after missing a payment increases with the number of cards, even after controlling for
observable determinants of default. Third, we show that lenders do not cancel the
credit limits of borrowers who defaulted on a competitor’s card. Finally, we show that
borrowers prioritize repayment of cards withmore favorable terms and of cards issued
by banks with which they have other credit relationships.

Fact 1: Many borrowers default on only a subset of their cards.

To derive the first fact, we focus on the borrowers nearing distress group. These individ-
uals were in good standing with all their cards in month t−1 and then miss a payment
(overdue for more than 15 days) in month t. We investigate whether these individuals
default on all or a subset of their loans six months later, defining a loan as in default
if it is more than 90 days overdue. We use this measure of default to ensure that our
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results are not driven by borrowers who forget to repay on time. Appendix Figure A5
shows the default incidence for alternative horizons. The results of the paper are not
driven by the choice to measure default six months after the borrower first misses a
payment, as the group of borrowers is relatively stable after 30 days.

In Figure 5, we show that among borrowers with two card lenders who do notmake
the minimum payment on their loan at time t, 55% recover 6 months later, around 34%
become more than 90 days overdue on at least one card lender, and 11% default on
both card lenders. The share of selective defaulters increases monotonically with the
number of card lenders.

While the term selective default could apply to individuals who repay a subset of
their credit card loans, they may default on the card for which they lack sufficient re-
sources to repay, suggesting that the default decision is driven solely by liquidity con-
straints rather than a deliberate choice. In this case, selective defaulters would default
on the cards that constitute the majority of their debt, implying that the distribution of
the share of the total balance in default would be concentrated above the 50% thresh-
old. However, as shown in Appendix Figure A8, the distribution does not follow this
pattern. Specifically, there is a large group of selective defaulters who default on cards
accounting for less than 50% of their balance, suggesting that they had sufficient re-
sources to pay these cards but chose not to.

Motivated by this fact, we create a more conservative measure of selective default.
We identify borrowers who default on the cards that account for less than 50% of their
total credit card debt. In Table 3, we show that selective defaulters (21%) are comprised
of two groups: those that default on less than 50% of their credit card balance (9% of
borrowers), and those that default on more than 50% of their credit card balance (12%
of borrowers). That is, at least 43% = 9/21 of selective defaulters made a deliberate
repayment choice. The proportion of these borrowers also increases with the number
of cards.

In Table 4, we show that selective defaulters typically hold more cards, have a
greater number of bank relationships, and a higher debt-service-to-income ratio than
universal defaulters and no-defaulters. While selective defaulters have higher incomes
and credit card balances compared to universal defaulters, their income and balances
are lower than those of non-defaulters. Regarding other loan types, selective defaulters
tend to have more outstanding loans than universal defaulters.

In Appendix Figure A6, we show that all default measures are increasing over time,
potentially due to the expansion in the number of credit cards. In Appendix Figure
A7, we present the same figures for individuals with at least two card lenders. In this
subsample, the incidence of selective default is significantly higher, as we exclude indi-
viduals with only one card, who can only default universally. The figures confirm that
the incidence of selective default is increasing over time.
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Fact 2: Lenders do not cancel the credit limit of borrowers who defaulted on a com-
petitor’s card.

We show that selective default is not driven by lenders preemptively canceling credit
cards. In Figure 4, we show that selective defaulters retain both the credit limits and
card usage (measured as purchases during the billing cycle) on the cards they continue
to repay. In other words, as long as banks remain the prioritized lender, they continue
to supply credit to selective defaulters. In contrast, lenders cancel the credit limit of
borrowers who default on their cards.

In Section 5, we rationalize lenders’ behavior in our model as follows. From a
lender’s perspective, observing a borrower default on another card while continuing
to be repaid is not necessarily bad news. Such behavior reveals informal seniority rel-
ative to competing lenders. In addition, the loss of access to the defaulted card and the
deterioration in the borrower’s ability to obtain new credit increase the cost of default.
Taken together, these mechanisms may reduce the likelihood of default on the repaid
card.17 This view is also expressed by market participants.18

Fact 3: The share of borrowers who default on at least one card increases with the
number of card lenders, even after controlling for observable characteristics.

In Tables 2 and 3, we show that default rates (at the borrower level) increase mono-
tonically with the number of card lenders. For instance, six months after missing a
payment, the probability that borrowers nearing distress default on at least one card is
43% for borrowers with a single card lender, 45% for those with two card lenders, and
47% for those with three card lenders. This relationship may be driven by factors such
as income, liquidity, and leverage. In Table 5, we try to control for these variables and
additional covariates in the subsample of formal workers, for whom salary information
is available. The positive association between borrower-level defaults and the number
of card lenders persists even after controlling for wage, the debt-service-to-income ra-
tio (a proxy for liquidity), the total-debt-to-wage ratio (a proxy for leverage), and other
characteristics, including age, gender, and tenure at the last job.

17The lender that continues to be repaid may also gain market power as the borrower’s number of
banking relationships declines.

18The former CFO of Itaú, the largest private bank in Latin America, mentions in an interview with
Euromoney that: “Everyone in Brazil has four credit cards, and if they don’t havemoney to buy groceries,
they use all these cards.[...] But they pay the one from the bank they have the relationship with. Banks
don’t care if you have a negative score if you keep paying them. So, being the main bank determines
the cost of credit. People underestimate the huge relationship between being the main bank and default
risk. If you are the principal relationship bank, they might default on the other banks but you will be
the last one.”
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Fact 4: Borrowers prioritize repaying cards with better terms.

To identify the characteristics of bank–borrower relationships that predict repayment,
we exploit borrower–cohort–bank data for selective defaulters, comparing repaid and
defaulted bank relationships within the same borrower. We estimate the following
regression:

yicb = βXicb + αic + γb + ϵicb (1)

where yicb is a binary variable that takes the value one if, six months after becoming
overdue for more than 15 days on any card, individual i of cohort c defaults (i.e.,
is more than 90 days overdue) on the credit card issued by bank b. The vector Xibc

contains borrower-bank characteristics measured in the month when the borrower be-
comes overdue for more than 15 days: limit available, limit utilization, global limit,
loan balances, dummies for other active loan types, dummies for non-performance of
other loan types, and dummies for bank types (digital or state-owned). Borrower-
cohort fixed effects, αic, absorb all borrower-level determinants of default risk within a
delinquency episode. Bank fixed effects, γb, absorb persistent differences across issuers
in underwriting, risk appetite, servicing, collection, and reporting practices.

We report descriptive statistics of the regression variables in Table 6. 23% of re-
lationships are with digital banks, 11% with state-owned banks, and the remainder
(66%) with other banks. 6% of relationships contain an active payroll loan, 1% an ac-
tive mortgage, 2% an auto loan, 12% a personal (consumer) loan, and 17% other loan
types. The coefficient on the interaction between the state-owned bank and mortgage
dummies is also 1%, reflecting the fact that state-owned banks originate the majority
of mortgages in Brazil.

We report regression results in Table 7. Our preferred specification uses data from
May 2021 onward, when the credit registry introduced measures to improve the ac-
curacy of reported credit limits. As shown in column (4), borrowers are 8 percentage
points less likely to default on the credit card with the highest contractual credit limit,
21 percentage points more likely to default on the card with the largest outstanding
balance, and 3 percentage points less likely to default on the card issued by the bank
with which they have the longest relationship. Column (3) excludes bank fixed effects
and shows that cards issued by digital banks are 15 percentage points more likely to be
repaid, whereas cards issued by state-owned banks are 17 percentage points less likely
to be repaid. This pattern suggests that borrowers may value their relationships with
digital banks more than with other types of banks, or that digital banks have more ef-
fective debt collection infrastructure. Interest rate information is available only for the
subsample of borrowers who revolve. Within this subsample, the results in column (8)
show that borrowers are 27 percentage points more likely to default on the credit card
with the highest interest rate.
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More generally, borrowers are less likely to default on credit cards issued by banks
with which they also hold other loan products, including salary-backed payroll loans
(-13 percentage points), mortgages (-20 percentage points), auto loans (-6 percentage
points), and other loans (-5 percentage points). The only exception is (unsecured)
personal loans, where borrowers are 3 percentage points more likely to default on the
bank’s credit card. These findings suggest that cross-selling, particularly of collater-
alized loan products, strengthens the bank–borrower relationship and increases the
bank’s position in the repayment hierarchy, thereby increasing the profitability of its
credit card business. Consistent with this interpretation, borrowers who have already
defaulted on another loan with a given bank are substantially more likely to default on
that bank’s credit card than on a credit card issued by another bank.

The above results document correlations between relative contract terms and de-
fault probabilities. However, the coefficients should not be interpreted causally because
of potential omitted-variable bias. Since the analysis focuses on borrowers’ decisions
about which bank to default on, the primary concern is unobserved characteristics that
vary across credit card products offered by the same bank. For example, banks may
bundle product features by offering higher credit limits on premium credit cards with
more generous rewards programs. Because the data do not contain information on re-
wards programs, the estimated coefficient on credit limitswould capture both the effect
of credit limits and the omitted product feature rather than the causal effect of credit
limits alone. In that case, although the coefficients would not reflect the credit limit’s
causal impact, they still indicate that the lender can leverage certain contract character-
istics to gain informal seniority. Likewise, the correlation between holding other loan
products and default may reflect selection if borrowers who qualify for amortgage also
receive higher-quality credit card products.

Overall, although the results should not be interpreted as identifying the causal
effect of individual contract characteristics, they provide suggestive evidence that
lenders use contract design to obtain informal seniority. The theoretical analysis
then examines the implications of this behavior, including how the choice of contract
characteristics affects welfare and the optimal design of bankruptcy policy.

Additional facts about the credit card limits and credit score. In Appendix Figure
A9, we also show that defaulting on a credit card decreases the borrower’s credit scores
significantly. In an event study, we show that the probability of obtaining a new loan
(including revolving card loans) also drops significantly after a default.

We also report additional facts about credit limits. The aggregate credit limit, sum-
ming all credit cards, is around 3 times the borrower’s income. The average credit
limit per card is 1.5 times the borrower’s income, regardless of the number of cards the
borrower owns. In addition, lenders do not reduce the credit limit on existing cards
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after the borrower gets a new card and increase the credit limit over time, provided the
borrower does not default. This suggests that lenders consider the possibility of the
borrower getting additional cards when setting their initial limit.

3.3 Evidence from Earnings Calls and Interviews

Our empirical analysis, in particular fact 4 of Section 3.2, shows that default is not ran-
dom. Borrowers choose which loan to default on, and this choice is correlated with
contract terms.

To provide evidence that lenders internalise this effect, one would need a shock to
the borrower’s ability to selectively default. Cross-default provisions would have been
a good candidate; however, the data contain no such variation.

For a first analysis of the supply side, we report that banks discuss competing for
information seniority in their earnings calls or interviews.19 For instance, the former
CFO of Itaú, the largest private bank in Latin America, says in in an interview:

‘Everyone in Brazil has four credit cards, and if they don’t have money to
buy groceries, they use all these cards.[...] But they pay the one from the
bank they have the relationshipwith. Banks don’t care if youhave a negative
score if you keep paying them. So, being the main bank determines the cost
of credit. People underestimate the huge relationship between being the
main bank and default risk. If you are the principal relationship bank, they
might default on the other banks but you will be the last one.”

Out of the ten largest banks in Brazil,20 six mentioned a similar narrative in their
earnings calls.21We report the quotes in Appendix B. We also looked at other Latin
American lenders and found similar results.

4 Difference-in-Differences

In Table 5, we show a positive relationship between the number of card lenders and
default probabilities at the borrower level, even after controlling for observable default
determinants. However, this relationship may arise from both unobserved borrower
heterogeneity—for example, higher-risk borrowers may be more likely to obtain addi-
tional cards (adverse selection)—and the causal effect of forming new card relation-

19Unfortunately, it is not possible to merge the earnings call data with the central bank data as the
banks are anonymised.

20ItaúUnibanco, Banco do Brasil, Caixa, Bradesco, Santander Brasil, BNDES, BTGPactual, XP,Nubank
and Safra.

21Itaú Unibanco, Banco do Brasil, Caixa, Bradesco, Santander Brasil and Nubank.
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ships (moral hazard or payment burden). Distinguishing between these channels is
important because only the latter directly contributes to debt dilution.22

The ideal experiment would randomly assign borrowers additional credit cards,
thereby eliminating selection and identifying the causal effect of additional credit card
relationships. We approximate this experiment using quasi-experimental variation
and find that the debt-dilution channel is quantitatively important: obtaining an addi-
tional credit card increases the probability of default on any credit card by 10 percent-
age points one year after origination.

To determine the causal impact of obtaining a new card, we employ a difference-
in-differences approach. We achieve this by leveraging certain institutional features of
the Brazilian market. In particular, banks commonly form partnerships with firms to
obtain the rights to process employee salary payments. The arrangement effectively
mandates that employees receive their wages through the partner bank, increasing the
likelihood that employees will obtain a card from that bank. The length of those con-
tracts is typically five years, making the timing of the renewal predetermined. We thus
compare two groups of borrowers who worked at the same firm around the time the
partner bank changed. The first group already had a relationship with the new partner
bank before it won (control), while the second did not (treatment). The identifying as-
sumption is that the relative change in default probability between the two groups is
due to the impact of the treatment group getting a new card. Appendix Figure A10
summarizes the research design.

Using the credit registry of the Central Bank of Brazil, we construct a worker-level
panel around the month in which a new bank is assigned to manage a firm’s payroll.23

We retain workers who remain employed at the same firm throughout the entire win-
dow, are active credit card users, and rely exclusively on this type of loan.24 We exam-
ine events (i.e., changes in banks managing payroll payments) occurring within the
twelve months between May 2017 and April 2018.25 Appendix Table A5 reports the

22When the recovery rate conditional on default is zero, debt dilution operates solely through the
effect of additional borrowing on default probabilities. When recoveries are positive, debt dilution can
also arise through lower recoveries on defaulted loans, even if default probabilities remain unchanged.

23The Central Bank uses an algorithm to identify changes in the bank managing a firm’s payroll by
detecting structural breaks in the volume of wage-backed payroll loans originated by each bank to the
firm’s employees.

24Restricting the sample to borrowers who rely exclusively on credit cards is not ideal, as it conditions
on post-treatment borrowing choices. Nonetheless, we make this restriction to reduce concerns that the
treatment alters the demand for other loan types, particularly wage-backed payroll loans. Restricting
the sample to workers who remain at the same firm throughout the observation window allows us to
indirectly control for changes in wages (for instance, when examining the debt-to-wage ratio) and to
account for firm-by-time fixed effects.

25We base our sample selection on two main considerations. First, in May 2019, a change occurred in
the reporting standards for credit card loans, makingApril 2018 the last month for whichwe can observe
a long enough post-event window (12 months) under a consistent reporting regime. Second, we focus
on a period prior to the rise of digital banks as significant market players. Following their entry, the cost
of obtaining a new credit card declined substantially, reducing the likelihood that our treatment would
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characteristics of treated and control individuals in the month prior to the new bank
assumingmanagement of payroll. Control and treated individuals are similar in terms
of the number of card lenders and debt-to-wage ratio: on average, control individuals
have 1.5 card lenders and a debt-to-wage ratio of 1.5, compared to 1.2 card lenders
and a debt-to-wage ratio of 1.3 among treated individuals. However, the groups dif-
fer slightly in baseline default rates: 5% of control individuals are delinquent on some
card and 4% are in default on at least one card, compared to 2% and 2%, respectively,
among treated individuals. Given that differences in baseline default rates may in-
fluence future borrowing trajectories, our regression specification allows for hetero-
geneous trends by baseline default status. The majority of individuals in our sample
(80%) belong to the treatment group; only 20% already held a card from the bank that
subsequently assumed management of the firm’s payroll.

We estimate the following specification at the individual-month level:

yit = β1 × Post_Treat[0−6]
it + β2Post_Treat[7−15]

it + αi + αf(i)t + αd(i)t + ϵit (2)

where i indexes the individual, t the calendar month, and f(i) the firm where individ-
ual i works. The dummy variables Post_Treat[0−6]

it and Post_Treat[7−15]
it equal one if

individual i belongs to the treatment group and month t falls, respectively, within 0–6
months or 7–15 months after a new bank assumes management of firm f(i)’s payroll.
We distinguish between these post-treatment periods because default is defined as fail-
ing to make the minimum payment for more than 90 days and therefore materializes
with a delay. We control for time-invariant worker heterogeneity by including individ-
ual fixed effects, αi, and we control for time-varying shocks to all workers of firm f(i)

by including firm-by-time fixed effects, αf(i)t. Because baseline differences in default
status may shape subsequent borrowing trajectories, we interact time dummies with
an indicator for whether borrower i had a default on any card in the month prior to
the new bank assuming management of firm f(i)’s payroll, αd(i)t. We cluster standard
errors at the firm level.

We also estimate the following event-study regression to capture the dynamics of
the effects:

yit =
τ=6∑
τ=1

β−τ × Treati,−τ +
τ=15∑
τ=0

βτ × Treati,τ + αi + αf(i)t + αd(i)t + ϵit (3)

where the variable Treati,t−τ is a dummy variable that takes the value one if individual
i belongs to the treatment group and the new bank starts managing firm f(i)’s payroll
τ months after t, and the variable Treati,t+τ is a dummy variable that takes the value
one if individual i belongs to the treatment group and the new bank starts managing

remain effective.
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firm f(i)’s payroll τ months before t.
Table 8 reports the estimates from equation 2. The treatment increases the number

of card lenders, the debt-to-wage ratio, and the probabilities of delinquency and de-
fault. On average, treated individuals acquire 0.11 additional card lenders, while their
probability of default increases by 1.1 percentage points. Scaling the reduced-form esti-
mate by the first-stage effect implies that acquiring an additional card lender increases
the probability of default by approximately 10 percentage points (average treatment
effect on treated). Under the assumption that treated and control borrowers would
have followed parallel trends absent the treatment, these estimates can be interpreted
as the causal effect of gaining access to an additional credit card lender.

Appendix Figure A11 plots the estimated coefficients from equation 3. Card take-
up is gradual and peaks approximately 10 months after a new bank begins managing
salary payments. The debt-to-wage ratio also increases gradually. Interestingly, debt
utilization begins to rise before the number of cards increases, suggesting that the antic-
ipation of obtaining a new card may affect the use of existing credit lines. Delinquency
(more than 15 days past due) and default (more than 90 days past due) also increase,
with these effects emerging roughly 12 months after the treatment.

Across all outcomes, treated and control borrowers exhibit broadly parallel trends
in the pre-treatment period. Appendix Figure A11 nevertheless reveals a small pre-
trend in the number of cards. As a robustness check, we therefore implement a syn-
thetic difference-in-differences estimator (Arkhangelsky et al., 2021). The correspond-
ing estimates, reported in Appendix Figure A12, are quantitatively similar to the base-
line estimates, although they are estimated less precisely, as reflected in the wider con-
fidence intervals.

We further examine heterogeneity by separately comparing the control group with
compliers (individuals who obtain a new card following the treatment) and non-
compliers (individuals who do not). The results, reported in Appendix Figure A13,
show that the modest pre-trend is driven by non-compliers. This finding suggests that
individuals who receive a card from the new payroll bank are comparable to borrow-
ers who had already received a card from that bank prior to the payroll transfer. One
interpretation is that card issuance is primarily driven by the bank’s screening deci-
sions rather than by time-varying borrower selection. Since banks’ underwriting cri-
teria tend to be stable over time, this mechanism is less likely to generate differential
trends in unobserved borrower characteristics. The (scaled) estimated effects when
comparing compliers to the control group are similar in magnitude to the baseline and
the synthetic difference-in-differences estimates.

We now discuss the identifying assumption and the economic channels that could
threaten its validity. The identifying assumption is that the relative change in default
rate is due to the causal impact of getting a credit card rather than any other shock
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that differentially affects the treated and control groups. One potential concern is that
treated and control borrowers differ in unobservable characteristics, such as savings,
financial sophistication, or underlying creditworthiness, which could generate differ-
ential trends in outcomes. Appendix Figures A11, A12, and A13 show that treated
and control borrowers exhibit similar pre-treatment dynamics, making this explana-
tion less likely. A related concern is that treated borrowersmay have been on a different
borrowing trajectory and would have increased borrowing and defaulted even in the
absence of the payroll transition. Again, this concernwouldmanifest itself through dif-
ferential pre-treatment trends. The absence of such patterns provides evidence against
this interpretation. Because treatment does not lead to universal take-up, one poten-
tial concern is that borrowers who obtain a new credit card differ systematically from
thosewho do not. Under the identifying assumption that, absent the transition, treated
and control borrowers would have followed parallel trends, the intent-to-treat estimate
remains causal even when take-up is incomplete.

Finally, our estimates should be interpreted as a local average treatment effect for
borrowers whose access to credit changes as a consequence of the payroll-bank tran-
sition. As in any quasi-experimental design, external validity depends on the extent
to which these marginal borrowers are representative of the broader population. Our
estimates are consistent with those reported by De Giorgi et al. (2023), who study a
different setting and obtain similar effects of increased credit access on household bor-
rowing and default.

5 Model

Section 3.2 provides suggestive evidence that lenders can use credit card terms (e.g.,
credit limit) and cross-sell other products to gain informal seniority. We then report,
using earnings calls, that lenders are aware of this and compete on repayment priori-
tisation (see Section 3.3).

To study the impact of competing for informal seniority on contract terms and wel-
fare, we develop a model with non-exclusive loan contracts and endogenous default
choices. We first develop a parsimonious two-period model to clarify the underlying
economicmechanisms, and then generalise it in our quantification exercise. We discuss
the impact of our modelling assumptions in Section 6.

Themodel features two periodswith two decision dates. On the initial date, lenders
simultaneously offer a loan contract. Borrowers have utilities over contract terms and
choose which loans to accept. The key friction is that they cannot commit to exclu-
sive contracts as in, for instance, Green and Liu (2021). At the second date, borrowers
decide which loans to repay, subject to a resource constraint.

We denote byMi the set of loans offered in the market to borrower i. Ci ⊂ Mi is the
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set of loans held by a borrower i, with individual loans indexed by c ∈ Ci. Each contract
c specifies a loan amountLc, which is used for consumption during the first period, and
a face valueRc due at the beginning of the second period. Conditional on repaying the
debt, the borrower obtains the continuation value V (qc), where qc denotes the vector of
contract characteristics affecting future utility. We refer to qc as relationship benefits.
These benefits can include, for instance, credit card rewards, investment in customer
capital, financial tracking via a mobile app, a bank’s branch network, or other loan
terms offered in the second period.

Lenders set all contract terms (Lc, Rc, qc) on the initial date. qc is contingent on the
borrower’s repayment of the loan. In practice, lenders often use affine pricing, using
fees and rates, with a credit limit. Allowing for such a contracting space yields the same
equations as in our baseline model (see, for instance, Tirole et al., 1988, pp. 135–136
and §3.3.1). Thus, letting lenders set contract terms is reasonable in our setup. We
discuss alternative designs in Section 6.

The key feature of the model is that, by improving contract terms, a lender can
change their position in the borrower’s repayment hierarchy. Lenders can thus impact
the likelihood that their loan is repaid in states where the borrower does not fully hon-
our all obligations.

5.1 Borrowers and Lenders

This section describes borrowers’ loan choices and how lenders set contract terms.

5.1.1 Borrowers

There is an arbitrary number of borrowers. Following the public economic literature
(see, for instance, Chetty 2009), we employ a parsimonious reduced- form approach
when modelling the borrower decision problem. We define the borrower utility as a
function of contract terms:

U(C) = α
∑
c∈C

Lc − C(C)︸ ︷︷ ︸
First period

+ βER[ max
r∈B(C,R)

∑
j∈r

{1j∈r[V (qj) + vj − δRj] + 1j /∈rωj(C,R)}︸ ︷︷ ︸
Second period

(4)

α
∑

c∈C Lc is the utility from obtaining loans from the cards in set C, and
C(C) is the cost of acquiring the bundle, both incurred in the first period.
ER[maxr∈B(C,R)

∑
j∈r {1j∈r[V (qj) + vj − δRj] + 1j /∈rωj} is the expected utility in

the second period. V (qc) + vc − δRc is the utility of repaying card c and ωc(C,R)

is the cost of defaulting on that card. We allow it to depend on the set of loans
(C) and a repayment shock (R). B(C,R) is the feasible set of bundles of loans the
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borrower can repay conditional on repayment shock R. We normalise βδ to 1. The
key assumptions are that default and card choice derive from the same maximisation
problem, and that the default, expected default, and demand functions are continuous.

Example default: To illustrate the implication of selective default. Assume that,
with probability λ, the borrower can repay at most one card, denoted byR = 1.26 They
can repay all loans absent this shock. Tomake the expected default function continuous
in contract terms, let us assume that the continuation value term vc is zero in normal
times, but is a random variable with an extreme-value distribution with variance σ−1

conditional on being in financial trouble. We discuss here the impact of this modelling
on default and, in the next paragraph, its impact on borrower utilities and demand.
With this modelling, the survival probability on loan c is:

θc(C) = (1− λ)︸ ︷︷ ︸
survive on all loans

+λ
eσ[V (qc)−δRc]∑
x∈C e

σ[V (qx)−δRx]︸ ︷︷ ︸
survive on loans c only

(6)

Equation 6 implies that, if all lenders offer the same contract terms, the default prob-
ability is (1−λ)+λ 1

|C| , and the default semi-elasticitywith respect to the interest rate and

the onewith respect to relationship benefits are: ∂Rθc(C)
θc(C) = −σδ(1− 1

|C|) ·
λ 1

|C|
1−λ+λ 1

|C|
< 0 and

∂Rθc(C)
θc(C) = V ′(q)σ(1− 1

|C|)
λ 1

|C|
1−λ+λ 1

|C|
≥ 0 as V ′(q) ≥ 0. With this specification, σ parametrises

how strategic the borrowers are. When σ → 0, borrowers default with probability 1
|C|

no matter the contract terms. When σ → ∞, borrowers are extremely strategic and
repay the lender as soon as they offer a slightly better contract than their competitors.

This model of default thus focuses on which cards borrowers choose to repay,
rather than why the borrower chose to default in the first place. Having the shock
on the fraction of the face value the borrower can repay instead of on the number of
loans does not change the key economic forces — equation 5.1 remains the same, and
borrowers still get too many loans due to the default externality (see, for instance,
Green and Liu, 2021). Additionally, empirically, the causal effect of interest rates on
default (i.e., on λ) is low in the credit card market (see, for instance, Matcham, 2024),
so our model is not a bad approximation of reality in that set-up.

Example demand: Similarly, to illustrate the different economic channels driving
26To fix ideas, let us assume that the cost of defaulting has the form:

ωd(R) =

{
ω, if |r| > R,

−∞, if |r| ≤ R.
(5)
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demand formultiple loans, suppose the borrower is offered two similar contracts (L1 =

L2, q1 = q2, R1 = R2). As in the previous example, the borrower may experience a bad
shock allowing them to repay only one card. By accepting two cards instead of one, the
borrower receives a higher loan size in the first period but must default on at least one
of them in the second period. Formally, the borrower chooses two cards instead of one
when:

U({1, 2}) ≥ U({1})

⇐⇒ αL︸︷︷︸
Larger loan size

+ (1− λ)β[V (q)− δR]︸ ︷︷ ︸
Larger continuation value conditional on survival

+ λβ∆IV︸ ︷︷ ︸
Love for variety

≥ ∆C(2)︸ ︷︷ ︸
Additional search cost

+ βλω︸︷︷︸
Additional default cost

(7)

Equation 7 illustrates the different costs and benefits of getting an additional card.
αL is the utility increase from getting additional credit in the first period. The term (1−
λ)V (q)− δR is the additional utility in the second period conditional on survival. The
last term ∆IV = Ev[

∑
c ∈{1,2}maxc vc] − Ev[v1] is the inclusive value. It arises from the

random coefficient in the default function. We call this the love-of-variety effect: more
cards increase the probability of a higher continuation value because the borrower is
more likely to draw a higher v. In practice, one can cancel its effect by normalising the
mean of the random shocks (see Appendix F). ∆C(2) := C(2) − C(1) is the cost of
getting an additional card. Finally, βλω is the utility loss from defaulting on one of the
credit cards.

5.1.2 Lenders

There are an arbitrary number of lenders. Each lender b takes their competitors’ offers
as given and designs a borrower-specific contract. We drop the borrower index for
notational simplicity. Each lender chooses the contract terms (L,R, q) to maximise
their expected profits. The profit is the probability that the borrower chooses a loan
from their bank times the expected profit on that contract.

Lender b’s expected profits, conditional on the set of loans C being chosen, are
NPVb(C) := 1{b∈C}[θ(q, R; C−b)R − ψ(L, q)], where C−b := C \ {b} denotes the subset
of C that excludes loan b, and θ(q, R, C−b) is the repayment probability of loan b. We
often use the notation θb instead of θ(q, R; C−b) for notational convenience. The term
θ(q, R; C−b)Rb is the expected amount the lender receives in the second period, while
ψ(L, q) is the total cost of issuing a loan.

We consider general demandD and default 1−θ functions consistent with borrow-
ers’ utility U(C) defined in Section 5.1.1. We define Mb := {M ⊂ M : b ∈ M} as the
collection of subsets ofM that contain card b. Lender b chooses contract terms (R,L, q)
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to solve:

max
R,L,q

∑
C∈Mb

D(C)
[
θ(q, R; C−b)R− ψ(L, q)

]
(8)

As in standard non-linear pricing models (see, for instance, Rochet and Stole 2002),
lenders chose contract terms (L, q) to maximize the surplus generated by the contract,
and use the price R to split the surplus between borrowers and lenders.27

For intuition, let us focus here on the situation inwhichU(C) is deterministic. In that
case, Mb is a singleton as, given the set of cards offered by their competitors, lenders
can infer the number of cards chosen by the borrower (Appendix K reports the general
case,28 and shows the economic mechanisms are the same). Denoting the marginal
costs bymcL = ∂ψ

∂L
andmcq = ∂ψ

∂q
, the first-order conditions imply:

R : θR = ψ(L, q) +

µ︷ ︸︸ ︷[
1 +

∂Rθb
θb

R
] D(C)
∂UD(C)

(9)

L : α =
mcL

1 + ∂Rθb
θb
R

(10)

q :
mcq − ∂qθR

βθbV ′(q)
=

mcL
∂Lu(L)

⇐⇒ βV ′(q)
{
(∂V θb + ∂Rθb)R + θb

}
= mcq (11)

Proof: See Appendix C.

Equation 9 states that the bank sets the expected face value θR as amarkup-up ([1+
∂Rθ
θ
] D(C)
∂UD(C)) over the cost of banking (ψ(L, q)). Themarkup is the inverse demand semi-

elasticity D(C)
DU (C) scaled down by ∂Rθ

θ
. The inverse semi-elasticity captures the standard

intensive versus intensive margins: an increasing rate lowers the number of customers
but increases the revenue per customer (holding default constant). The presence of
the default sensitivity ∂Rθ

θ
is due to the fact that lenders internalise that higher interest

rates increase the borrower’s default probability, which provides incentives to lower
the markup as in Crawford et al. (2018).

Equation 10 captures the cost and benefits of increasing the credit limit in the first
period. α is the marginal benefit for the borrower. mcL is the lender’s marginal cost.
1 + ∂Rθ

θ
R captures that an increase in loan size is compensated by an increase in the

debt face value, which in turn elevates default probabilities and thereby increases the
cost of issuing credit. Section 6.1 discusses how loan size changes when lenders offer

27There can be jumps in the sensitivity to interest rates at points where increasing the interest rate
changes the set of credit cards one can repay; we report here the derivatives outside of those points.

28The model presented in the Appendix uses an alternative default function for tractability; this spec-
ification does not change the lender first-order conditions.

25



a linear pricing schedule, and borrowers can choose how much to borrow without a
credit limit.

Equation 11 states that the marginal rate of transformation between loan size and
relationship benefits should be the same. To understand the economic forces driving
relationship benefits, set the default sensitivities (∂V θb + ∂Rθb) to zero. In that case,
equation 11 states that the marginal benefits of increasing the relationship benefits for
the borrower βθV ′(q) should be equal to the marginal cost for the lender (i.e., mcq).
(∂V θb + ∂Rθb)R captures an additional effect coming from default. It captures the idea
that, taking competitors’ behaviour as given, increasing q stirs customers to repay
bank b (when ∂V θb > 0), which increases the expected revenue by ∂V θbR. This effect
creates incentives to increase the level or relationship benefits. However, the increase
in q also raises lending costs and thus the debt face value R. Taking competitors’
behaviour as given, it increases default probabilities. ∂Rθb captures this effect. Thus,
when ∂V θb + ∂Rθb > 0, the first effect dominates and leads to higher incentives to
provide relationship benefits. To the best of our knowledge, the existing literature has
not analysed the two forces discussed in this paragraph.

5.2 Welfare: Contract Distortions

We now examine how competition for informal seniority affects welfare. We compare
the borrowers’ and lenders’ behaviour to that of the social planner. The social planner
jointly determines the number of loans and contract terms to maximise utilitarian wel-
fare. For simplicity of the exposition, we consider that all lenders offer the same con-
tract. In the next section, we show that a symmetric equilibrium exists and is unique
under our preferred parametrisation.

The social planner internalises selective default. To highlight the effect of selective
default, we assume borrowers face exogenous repayment shocks with probability λ as
in equation 6 from the example in section 5.1. Relaxing this assumption is feasible but
not essential to the channel we seek to highlight.29

Welfare Definition and Contract Distortions: We define utilitarian welfare as the
sumof borrowers’ expected utility and lenders’ profits. When all lenders offer the same
contract (L∗, R∗, q∗), the borrower’s expected utility, when they choose N∗ cards is:

u∗(N∗, L∗, R∗, q∗) := αN∗L∗ + βN∗θ∗[V (q∗)− δR∗]− C(N∗) (12)

29As in 5, we normalise the cost of defaulting, ω, to zero for N − 1 cards when the repayment shock
equals one and normalize the inclusive value (i.e.,maxcE[vr]). This is withtout loss of generality as we
can simply include them in the definition of C(N).
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Considering that borrowers and lenders value one dollar equally, the utilitarian
welfare function, defined as the sum of borrowers’ utility and lenders’ profits, is:

W ∗(N∗, L∗, q∗) := N∗[αL∗ + βθ∗V (q∗)− ψ(L∗, q∗)]− C(N∗) (13)

Where [αL∗ + βθ∗V (q∗)− ψ(L∗, q∗)] is the social surplus generated by each loan.

Contract distortions: Let us now use the welfare function to characterise the
contract distortions. We compare the social planner’s choices with those of borrowers
and lenders. Formally, the social planner chooses the number of cards and contract
terms (N,L,R, q) to maximise welfareW , internalising selective default.

Result 1. Contract Distortions
(i) Default externality: For given contract terms (L,R, q), borrowers choose too many

contracts relative to the social planner when the interest rate markups is high. As a result, the
repayment probability is too low when competition is high (i.e., µ close to zero) or when default
λ is high. Formally:

∂Nu
∗(N,L,R, q)− ∂NW

∗(N,L,R, q) = ψ(L, q)− (1− λ)R (14)

= (1− 1− λ

θ∗
)ψ(L, q)︸ ︷︷ ︸

Default externality

− µ
1− λ

θ∗︸ ︷︷ ︸
Imperfect competition

(15)

(ii) Selective-default distortion: For a given number of contracts N , the lenders incen-
tives are distorted relative to the first best. Lending is underprovided, while relationship benefits
may be either over- or underprovided. Comparing the first-order conditions of the lenders and
the social planner, we get:

Social planner: Lender:

mcq = βV ′(q)θ; mcq = βV ′(q)
{ overprovision when > 0︷ ︸︸ ︷

(∂V θb + ∂Rθb)R +θb

}
(16)

mcL = α; mcL = α(1 +
∂Rθb
θb

R︸ ︷︷ ︸
underprovision

) (17)

Proof. Take the first-order condition of thewelfare and utility functions. The first-order
condition of the borrower with respect to N does not feature repayment in the bad state
because the borrower knows theywill not repay the additional card (or one of their old
ones).

The term 1− 1−λ
θ∗
ψ(L, q) in Equation 15 echoes themechanism in Bizer andDeMarzo
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(1992) and Green and Liu (2021). The inefficiency arises from the interaction of a de-
fault externality and borrowers’ inability to commit to exclusive contracts: obtaining
an additional loan reduces the repayment probability of loans held by other lenders,
since θ ∝ 1/N . Beyond the selective-default channel discussed below, an important
departure from the existing debt-dilution literature is that the number of cards is en-
dogenous in our model, rather than being either equal to one or fixed at an exogenous
upper bound. As shown in Section 5.3, endogenising contract demand is important for
evaluating policy effects on welfare.

Another important difference from Bizer and DeMarzo (1992) and Green and Liu
(2021) is the presence of imperfect competition in equation 15 captured by the markup
µ. Imperfect competition reduces borrowers’ utility from getting an additional loan
because they must pay a higher markup. As a result, imperfect competition lowers the
default externality. Equation 15 thus highlights the importance of imperfect competi-
tion when bringing the model to the data.

The second result is novel and arises from selective default. To isolate this mecha-
nism, consider first the case without selective default, (∂V θb + ∂Rθb) = 0. For a given
number of contractsN , the equilibrium loan sizeL and relationship benefits q coincides
with its first-best level.30

Now let us assume that default sensitivity is different than zero. Let us first consider
the case inwhich (∂V θb+∂Rθb) is larger than zero. Economicaly, itmeans that borrowers
are more sensitive to increase in relationship benefits than in crease in debt face value.
In that case, lenders have incentives to overprovide relationship benefits. The intuition
is that each lender can increase q in order to raise the likelihood of being repaid in
states of partial default. Because all lenders engage in this behaviour, competition for
repayment priority generates an arms race in q, leading to overprovision. This channel
is stronger when default sensitivities (∂V θb+∂Rθb) are high or when profits conditional
on repayment (R) are large.

When (∂V θb + ∂Rθb) is lower than zero. Borrowers are more sensitive to rate
rather than relationship benefits. In that case, there is an incentive to underprovide
relationships. The intuition is that it is more effective to cut relationship benefits so
that lenders can lower the debt face value. In that case, we have a race to the bottom.

Sufficient Statistic: The previous results can be used to construct a sufficient
statistic allowing us to assess the impact of any policy on welfare. The sufficient
statistic depends on the elasticities of contract terms with respect to the policy and can

30However, we know fromequation 15 that the equilibriumnumber of contracts,N∗, exceeds the social
planner’s choice, NFB , when the markup µ is low. As a result, the equilibrium survival probability θ∗

is too low. The borrower’s marginal value of relationship benefits θV (q) is thus lower in equilibrium.
Therefore lenders have weaker incentives to provide relationship benefits because borrowers are less
likely to use them.
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be derived without imposing functional-form assumptions on demand or costs. In the
quantification exercise of Section 7, we generalise this sufficient statistic to a dynamic
model without homogeneous lenders.

Result 2. Sufficient Statistic Given a set of equilibrium contracts observed in the data
(R∗, L∗, N∗, θ∗), and estimates of the causal impact of a policy on contract terms and number
of products (dN

dp
, dL
dp
, dq
dp
), the welfare impact of the policy is given by:

dW

dp
=
dN

dp
wN,∗ +

dL

dp
wL,∗ −

dq

dp
wq,∗ (18)

wN,∗ := (1 − λ)R∗ − ψ(L∗, q∗) ≶ 0, wL,∗ := N∗[αε∗dδR
∗] > 0, wq,∗ := N∗[βV ′(q∗)[ε∗d(1 −

δd)θR
∗] > 0 when (1− δ) > 0, with ε∗d := ∂V θb.

Proof. Take the derivative of thewelfare function and use the borrower and lender first-
order conditions to replace the relevant equartions. For instance, taking the derivative
with respect to q, we get: NβV ′θ −mcq = NβV ′[∂V θ − ∂Rθ].

The weights are calculated using the envelope theorem as in Chetty (2009). They
can be estimated using data on lending costs at equilibrium. On can use bank account-
ing data to find the average cost spend on cards at equilibrium ψ(L∗, q∗), and credit
register date to find default sensitivities (ε∗d, δd), as well as willingness to pay for con-
tract terms (α, V ′(q)).

The weights have an intuitive economic interpretation: they reflect the distortions
in the lender and borrower behaviour. Formally, they are the difference between the
lender’s first-order conditions and the social planner’s in Result 1.

The sign of wN,∗ is ambiguous. It is negative when too many cards are offered in
equilibrium. This happens when survival probabilities and competition are low (i.e.,
λ close to one and µ close to zero). In that case, the default externality is large because
borrowers expect not to repay the card often, so borrowers get too many cards. Thus,
when wN,0 is negative, a small increase in the number of cards dN

dp
decreases welfare.

wL,∗ is positive and reflects the fact that loan size is underprovided conditional on
the number of cards. As a result, an increase in loan size dL

dp
> 0 increases welfare.

−wq,∗ is negative when 1− δ > 0. In that case, borrowers care more about relation-
ship benefits than debt face value so relationship benefits are overprovided due to the
arm race. As a result, an increase in relationship benefits dq

dp
> 0 decreases welfare.

5.3 Welfare: Equilibrium and Policy Analysis

In this section, we analyze theoretically how different policies affect market inefficien-
cies in the presence of selective default. We consider policies imposing equal recov-

29



ery rates and cross-default provisions, as well as changes in competition or the cost of
lending. The goal of this section is not to provide a quantitative assessment of these
channels, but rather to show that informal seniority introduces new mechanisms that
can overturn conventional predictions about how these policies affect equilibrium out-
comes and welfare.

We show that imposing cross-default provisions need not be optimal. We also show
that reducing competition or increasing lending costs can increase welfare.

Formally, we use the sufficient statistic decomposition and use our model to
understand the mechanisms driving the sign of the elasticities. To do so, we need to
impose additional structure on the model.

Parametrisation : We consider a continuum of lenders. This approach lets us use
the first-order condition in the card demand equation to derive a tractable expression
for the equilibrium number of cards and conduct comparative statics. Under this as-
sumption (the technical details are in Appendix F), the equilibrium conditions are un-
changed relative to Section 5.1, except that (N) now denotes the mass of cards held by
the borrower.

We assume that borrowers’ utility is linear in relationship benefits, (V (q) = γq).
The cost of lending and providing benefits is additively separable: ψ(L, q) = mcL(L) +

κ(q) = mc
ψ
[exp(ψL)− 1] + κ

ϕ
[exp(ϕq)− 1].

We allow for demand and default shocks. They are independent and extreme-value
distributed, with (σd) and (σ) parameterising the inverse variance of the default shocks
and the variance of the demand shocks, respectively. We normalise the random shocks
so the love-of-variety effect disappears (i.e., E[maxC∈B(N) eC] = 0, see Appendix F for
the derivation). We use the same parametrisation of the cost of defaulting as in Section
5, equation 6. We denote the default semi-elasticity and the inverse demand semi-
elasticity by εd := −∂Rθ

θ
= σdδ(1− 1

N
) · λ 1

N

1−λ+λ 1
N

> 0 and ε−1 := D(C)
∂UD(C) =

σ
1−N

B

where B is
the mass of lenders (see Appendix F for the derivation). Following the trade literature
on firm entry (see, for instance, Melitz, 2003), we assume borrowers first choose the
number of cards they will search for (|C|), then learn about the demand shocks and
choose |C| cards among all cards offered. This assumption allows a continuous demand
function and implies that lenders know how many cards a borrower will get. This can
be seen as an approximation of the long-run equilibrium, in which lenders learn about
the borrower’s number of cards. As shown inAppendix K,making the number of cards
uncertain does not change the key economic forces at play.

To focus on selective default, we assume that loan demand is sufficiently high
that borrowers hold more loans than they can repay following an adverse repayment
shock. Formally, we consider that the costs of searching for loansC(N) are low enough
so that {N : C ′(N) = 0} is larger than one.
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Lemma 1. Existence and uniqueness of a symmetric equilibrium
The equilibrium is characterised by:

Survival probability : θ∗c =

repay all cards︷ ︸︸ ︷
1− λ +

repay one card︷︸︸︷
λ

1

N∗ (19)

Markup : θ∗cR
∗
c = ψ(L∗, q∗) +

[
1− εdδR

∗
]
ε−1 (20)

Loan size : α =
mc′(L∗

c)

(1− εdδR∗
c)

(21)

Relationship benefits : q∗c :=
{
q : βV ′(q)

[
εd(1− δ)θ∗cR

∗
c + θ∗c

]
= κ′(q∗)

}
(22)

Number of cards : C ′(N∗) = αL∗ + (1− λ)β[V (q∗)− δR∗] (23)

When the costC are quadratic (i.e.,C(N) = ξ
2
(N−1)2+η(N−1)+C0), the equilibrium exists

and is unique when the cost function is concave enough (i.e., ξ > supN H
′(N) and η < H(1)).

Proof. See Appendix M.

Equation 23 is the continuum-of-contracts version of equation 7. We normalise the
cost of default and the love of variety to zero, as these are not channels we focus on in
this section. This is without loss of generality, since we can include them in the cost
function C.

Comparing this system of equations with that in Section 5 clarifies the role of our
parametrization. Importantly, the parametrization does not shut down any of the
economic channels of the general model. Instead, our functional-form assumptions de-
liver closed-form expressions for the key objects governing equilibrium contract terms:
the demand semi-elasticity and hence the markup ((1+ ∂Rθb

θb
R) D(C)

∂UD(C) = (1−εdδR)ε−1),
the ratio of the marginal utility of lending to its marginal cost ( mcL

∂Lu(L)
= α

mc
= 1−εdδR),

and the default semi-elasticity (∂V (q)θ
∗
c = εd). Each of these objects plays a central

role in the provision of relationship benefits. The parametrization therefore pre-
serves the key economic forces of the general model while making them transparent,
allowing us to isolate and characterize the effect of selective default, summarized
by (εd), on equilibrium contract terms. Notice that the model is highly tractable as,
given a number of cardsN , the equilibrium contract terms can be solved in closed form.

Bankruptcy policies: We now analyze the effects of imposing, or removing, cross-
default provisions across loans. Cross-default clauses are common in corporate lend-
ing but are typically absent from consumer credit. This raises the natural question of
whether, and under what conditions, such provisions are socially desirable.
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To the best of our knowledge, the literature has not studied when cross-default pro-
visions are optimal. One reason may be that much of the existing literature on non-
exclusive contracting assumes universal default. Under universal default, borrowers
cannot selectively repay some lenders while defaulting on others, eliminating precisely
the margin through which cross-default and equal-recovery provisions operate in our
model.

Instead, the existing debt-dilution literature has focused on priority rules based on
origination date and has shown that granting seniority to earlier lenders can be op-
timal. In our setting, a rule under which only the first NFB lenders are repaid in full
would restore the first-best allocation.31 In practice, origination-based priority is absent
for unsecured loans, credit cards, and sovereign debt, suggesting that such rules may
be costly or difficult to implement. Moreover, origination-based priority may be par-
ticularly ineffective in credit-card markets, where borrowers often hold several cards
simultaneously and borrow on multiple cards over overlapping periods. Our frame-
work therefore complements the existing literature by studying alternative bankruptcy
policies.

In our model, cross-default provisions eliminate the selective-default margin, we
can thus analyze it by setting εd = 0 (i.e., setting σd = 0). We assume equal recovery,
as is often the case in practice. Formally, when εd = 0, we set the lender’s expected
recovery rate to 1/N , as in the selective-default case. Nowwe study howwelfare varies
with εd (that is, with σd). We denote the variable X with an underscore X0 when they
are evaluated at εd = 0.

Result 3. Cross-default and Equal recovery policies (changing εd).
Moving away from cross default policies increases welfare when:

∂σN · wN,0 > 0 (24)

wN,0 :=
1−λ
θ0
ε−1
0 − (1− 1−λ

θ0
)ψ(L0, q0) captures whether there are too many cards offered in

equilibrium. ∂σN captures the effect of increasing strategic default on the number of cards.
The comparative static on ∂σN reflects three effects:

∂σN > 0 ⇐⇒ −αδ
ψ︸ ︷︷ ︸

lower credit limit

+(1− λ)β[
γ(1− δ)

ϕ︸ ︷︷ ︸
higher benefits

+
δK0

θ0︸︷︷︸
lower repayment

] > 0 (25)

With: K0 :=
αδ

ψ︸︷︷︸
lower loan size

− βγθ0(1− δ)

ϕ︸ ︷︷ ︸
higher benefits

+ δε−1︸︷︷︸
lower markup

(26)

31Under such a rule, L∗ coincides with its first-best level, N∗ = NFB , and lenders have no incentive
to originate additional cards beyond the N∗th lender.
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Proof. When d = 0, using the enveloppe theorem, we get that the derivative of the
welfare function with respect to σ at d = 0 is: ∂σN [[1− λ]µ− λ[mc(L) + κ(q)]]. The rest
of the proof to sign ∂σN is in Appendix N.

Equation 24 is the sufficient statistic derived in equation 29 when σd = 0. It can
be derived without assumptions about the demand and the costs. It tells us when
small deviations away from cross-default is optimal. The weights on the loan size and
relationship benefits (wL andwq) are zero in that case. The intuition comes fromResult
1 (ii). When demand semi-elasticity is zero, the social planner and the lender offer the
same contracts conditional on the number of cards N .

Equation 25 clarifies the economic forces behind the demand sensitivity dN
dσ
. When

we remove equal recovery, borrowers become strategic in their default decisions. As a
result, each card’s credit limit decreases, as lenders worry about losing priority (cap-
tured by αδ

ψ
). Lenders also start competing for seniority using relationship benefits and

interest rates. When relationship benefits are relatively more important to gain infor-
mal seniority (i.e., (1 − δ) > 0), lenders prefer to increase relationship benefits at the
cost of a higher debt face value. Relationhip benefits thus increase (captured by γ(1−δ)

ϕ
).

The effect on competition for informal seniority on the debt face value is ambiguous.
The debt face value increases due to the higher relationship benefits, but it also de-
crease due to the lower loan size and the incentives to lower the markup on their loans
(captured by β δK0

θ0
).32

The sufficient statistic approach helps clarify the economic mechanism at play.
However, it becomes less accurate when σd deviates substantially from zero. Figures
1 and 2 report the welfare as a function of σd in our simulated model (see Appendix
R for the calibration). According to our model, the cross-default provisions (i.e., set-
ting σd to zero) are optimal when borrowers are extremely strategic. This is because,
when borrowers are extremely strategic, the effects on loan size and relationship ben-
efits (see Result 1 (ii)) are no longer negligible. As a result, the distortions in contract
terms overcome the effect on card demand, making welfare concave in the demand
semi-elasticity. According to our calibration, the Brazilian market is close to the first-
best default semi-elasticity. Imposing cross-default provisions would decrease welfare
by half (i.e., equivalent to doubling the interest rates).

Figures 1 and 2 can rationalise why the business loans market features cross-
default, while the consumer credit market does not. Indeed, firms are likely more
strategic than borrowers when it comes to selective default. If so, they are in the region
where the over-provision channel dominates, making cross-default (i.e., forcing

32Our model also lets us examine the channel driving the debt face value. There are thre terms αδ
ψ ,

βγθ0(1−δ)
ϕ and δε−1. The first two capture the effect of the decrease in loan size, increase in relationship

benefits. The last one captures that selective default gives incentives to lower the markup, as lenders
worry more about default.
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σd = 0) better than the current market equilibrium.

Default
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Figure 1: (εSB , εNE , ) are the optimal, current,
and under-regulation semi-elasticities.

Default
semi-elasticity

W
el
fa
re

εSB εNE

Bankruptcy regulation
increases welfare

Figure 2: Example where the bankruptcy
regulation is welfare increasing.

Competition policies: Antitrust policies are widely used to regulate competition
in credit markets. Yet their effects have not been studied in models that combine non-
exclusive lending with selective default. One reason is that existing models of non-
exclusive lending typically assume perfect competition and therefore abstract from the
role of lender market power.

This section studies competition policy in an environment in which lenders com-
pete for informal seniority. This form of competition is particularly relevant in settings
in which formal enforcement is weak or repayment priority is not well defined, such
as trade credit, consumer lending, and credit markets in developing economies. Our
analysis highlights that the degree of lender competition is central to assessing the dis-
tortions generated by debt dilution. Competition affects both borrowers’ demand for
credit relationships and lenders’ incentives to provide relationship benefits, and these
responses can substantially alter the welfare consequences of non-exclusive lending.

To study the role of competition, we vary the demand semi-elasticity parameter (σ),
or, similarly, an increase in the number of lenders B. An increase in (σ or B) lowers
the demand semi-elasticity (ε−1), thereby increasing lenders’ ability to extract surplus
through higher markups. Varying the curvature of demand in this way is standard in
the contract-theory literature (see, for instance, Rochet and Stole, 2002 and Azevedo
and Gottlieb, 2017) and in empirical industrial organization.

Changes in (σ or B), typically affect the love-for-variety term, which captures the
additional utility borrowers obtain from access to a larger set of differentiated products.
This channel is absent in our model specification, as we normalised the variance so it
disappears (see Appendix F). We thus analyse the effect of competition only through
changes in demand semi-elasticity (e.g., due to changes in search technology).

We denote the variable X with an underscore X∗ when it is evaluated at the
decentralised equilibrium.
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Result 4. Effect of competition (changing ε−1 using σ or B).
Conditional on the number of cards N , decreasing the demand semi-elasticity increases the

debt face value (∂ε−1R(ε−1, N)) > 0), lowers the loan size (∂ε−1L(ε−1, N) < 0) and increases
relationship benefits (∂ε−1q(ε−1, N) > 0).

The effect on the number of cards is negative if the reduction in credit limits and the higher
repayment burden dominate the increase in quality. Formally:

dN

dε−1
< 0 (27)

=⇒ −αε
∗
dδ

ψ︸ ︷︷ ︸
lower loan size

+(1− λ)β(1− ε∗dδR
∗)

[
γε∗d(1− δ)

ϕ [1 + ε∗d(1− δ)R∗]
− δ

]
︸ ︷︷ ︸

net effect of relationship and rate

< 0 (28)

The welfare effect of changes in competition is given by the same formula as in Results 2:

dN

dε−1
wN,∗ +

dL

dε−1
wL,∗ −

dq

dε−1
wq,∗ (29)

The partial derivatives for q and L have the same sign of the total derivatives when dN
dε−1 <

0 and d(εdR)
dε−1 ≥ 0.

Proof. See Appendix O.

Decreasing competition has an ambiguous effect on the number of cards held. On
one hand, it can lower demand because of higher markups and smaller loan sizes on
each card. On the other hand, it can also increase demand by affecting relationship
benefits. The intuition comes from equation 16. Lenders may overprovide these
benefits because of the arms race for informal seniority. The strength of this arms-race
channel depends on the value of retaining repayment priority. Lower competition
at origination raises lenders’ markups and therefore increases the rents associated
with being repaid. This, in turn, intensifies competition for informal seniority and
strengthens lenders’ incentives to provide relationship benefits. The sufficient statistic
weights those costs and benefits.

Capital Requirement: Another routinely used policy are capital requierments and
monetary policies. Similarly to antitrust policies, their effects have not been studied in
models that combine non-exclusive lending with selective default. For this result, the
impact of the regulation on R is crucial. With our exponential costs mc(eψL − 1) we
get that Rmc decreases. The reason is that the loan size decreases so that mc(eψL stays
constant. To generalise, we allow our costs to be mc(eψL + a), where a ≥ −1. This lets
us parameterise the effect on R.
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Result 4. Effect of capital requierments (changingmc).
Conditional on N , we have sign(R∗

mc) = sign(a), sign(q∗mc) = sign(a), L∗
mc < 0. The

number of cards is ambiguous due to the ambiguous effect on L and q. The welfare formula has
the same weights as in equation 29.

Proof. See Appendix P

The intuition is the following. After an increase in capital requierments (mc in-
crease), lenders pass through some of that cost. Because of this, holding loan size
constant, the debt face value R increases, and so do incentives to provide more rela-
tionship benefits. Higher marginal costs also reduce loan size. When marginal costs
rise, loan size falls. Depending on the value of a. The loan-size effect can dominate
cost increases so that R falls. As in the competition comparative statics, these opposite
effects have an ambiguous impact on loan demand and welfare.

6 Discussion about the Modelling Assumptions

In this section, we discuss our key modelling assumptions and how they impact our
results.

6.1 Contract terms

Who set the contract terms: We assume that lenders choose contract terms (L,R, q).
We report below the linear pricing case without credit limit. In that case, the loan

size equation changes frommc′(L∗
c) = α(1− εdδR

∗
c) to:

u′(L) = θ[1− εd
θR
θ
δR] (30)

The rest of the equations have the same form:

θ∗c = 1− λ+ λ
1

N∗ (31)

q∗c :=
{
q : βV ′(q)

[
εd(1− δ)θ∗cR

∗
c + θ∗c

]
= κ′(q∗)

}
(32)

θ∗cR
∗
c = ψ(L∗, q∗) +

[
1− εdδR

]
ε−1 (33)

C ′(N∗) = u(L∗) + (1− λ)β[V (q∗)− δR∗] (34)

We can see that now the limited liability on the borrower side leads to overbor-
rowing. This friction can be mitigated by having the lender impose a credit limit. In
practice, lenders often use an affine pricing, using fees and rate, with a credit limit.
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Allowing for it yields the same equations as in our baseline model model.

What are the relationship benefits: The relationship benefits can have multiple
interpretations. Appendix H discusses themicro-foundations for Vc(q) across the three
channels that allow lenders to gain seniority: by offering rewards, modifying the card
terms conditional on repayments, or cross-selling products. We show that the three
channels are equivalent, as they yield a Vc function that is increasing in qc ∈ R.

One central result of our paper is the tension between the under- and over-provision
channels. For those two channels to move in opposite directions, we assumed that a
higher relationship benefits increase both the borrower’s utility (∂qV > 0) and the
repayment probability (∂qθ > 0).

The sign of ∂qV and ∂qθ depends on the interpretation of the relationship benefits.
For the reward, credit limit, interest rate, cross-selling, and app quality interpretation,
the sign is likely the same. When interpreting q as the debt-collection process, the sign
is ambiguous. Debt collection may not directly affect borrowers’ utility (it may be a
shrouded attribute or merely a nudge to repay a given bank), affect it positively (when
being nice to the borrower is the way to get repaid), or negatively (when the bank
harasses the borrower). In interviews with market participants, they pointed out that
due to consumer protection, recovery is mainly a matter of being nice to the borrower
and reaching out to them once they miss a payment. However, a formal study of debt
collection is outside the scope of our paper.

Cancelling relationship benefits upon default: We assume that the borrowers do
not get access to relationship benefits conditional on default, so that borrowers choose
to fully repay only one credit card. This behaviour is consistent with the data. We show
in Appendix L that this behaviour arises in a model in which lenders can set q for the
default state as well. The intuition is that lenders optimally set relationship benefits to
a minimum in default states to prompt customers to repay them in full.

6.2 Demand

One central element for the underinvestment channel is that demand sensitivities
to relationship benefits depend on default probabilities. In our model, the marginal
sensitivity to relationship benefits is equal to θcV ′(q). θcV

′(q) captures the fact that
when borrowers are more likely to default, they value a marginal increase in quality
q less as they will benefit from it less often. The same formula arises in any model
where the survival probability comes from a maximisation problem, so the envelope
theorem applies.
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Linearity of loan size: This is a standard assumption in the literature (see for in-
stanceGreen and Liu, 2021). This assumption can be interpreted as a linear approxima-
tion of the demand around the equilibrium contract terms. The additive separability
can also capture the fact that different types of loans, such as a mortgage and an auto
loan, are not used for the same good, so getting onemight not affect themarginal utility
of getting another.

This assumption removes the insurance benefits associated with the possibility of
repaying one loan but not the other and thus not losing all relationship benefits.

The assumption also implies that borrowers are never satiated. Bizer and DeMarzo
(1992) use concave utilities. They show that sequential lending nevertheless produces
excessive indebtedness and higher default because subsequent borrowing imposes an
externality on earlier lenders.

6.3 Supply

Demand function from lenders’ perspective: We assume that each lender can
observe the set of contracts offered and predict the set the borrower will accept. This
assumption is made for tractability and is consistent with the fact that, in practice,
lenders do not update their contract terms after the borrower gets a new credit card.33

Dynamics: Weabstract from the dynamics aspect of lending in ourmodel by having
the lender simultaneously offer loan contracts in the first period. This is justified by
the fact that selective defaults do not appear to be driven by relationship length in the
data. The equilibrium in ourmodel is the same as the one inwhich lenders sequentially
lend and have rational expectations about the other lenders’ behaviour. In Appendix L,
where we discuss the optimality of canceling the card conditional on default, we allow
for lenders to offer a new loan contract after the borrower defaults in the first period.
Once default happens, the surviving lender knows he has informal seniority and can
extract most of the surplus from lending. The under- and over-provisioning channel is
robust to this extension.

7 Quantification

This section brings the model to the data.
We do two quantification exercises. First we use our sifficient statistic together with

our difference in difference estimates to assess the impact of lowering search costs on
33To microfound the fact that the demand is continuous, one can assume that each card c ∈ C repre-

sents a card type, that borrowers will get only one card of each type, and that a group of lenders compete
on each card type.
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welfare. Second, we use the model to provide a sense of how large are the under and
overprovision chanels.

7.1 Effect of Changes in Search Costs

We showed in the previous section that, when there is debt dilution, the impact of
lowering search costs is ambiguous. On the one hand, this policy may increase com-
petition and thus lead to an increase in loan size. On the other hand, it may increase
the demand for credit cards and thus impose a stronger default externality on other
lenders.

In this section, we quantify the effect of such policy on welfare in the credit card
market. To do so, we extend ourmodel tomultiple periods, and remove the assumption
about the equilibrium being symmetric. We interpret the relartionship benefits as as
credit limit in subsequent periods and the face value R as the amount revolved times
the effective interest rate on the loan. The model is presented in Appendix T.

Indexing individuals by i, and defining total welfare W as the sum of welfare Wi

generated by each market segment (i.e., each individual as there is individual based
cerdit limit and pricing), we get the following sufficient statistic:

Result 5. Sufficient Statistic for the credit card market
The impact of a policy on welfare dW

dp
in the dynamic set up is:

dW
dp

=
∑
i

dWi

dp
(35)

dWi

dp
:=

dNi

dp
wN,i︸ ︷︷ ︸

Number of cards

+
dL0,i

dp
wL0,i︸ ︷︷ ︸

Initial loan size

+
∞∑
t=1

dLs,i
dp

(θsβ)
twLt,i︸ ︷︷ ︸

Relationship benefits

(36)

The weights are given by:

wN =
∞∑
t=1

(β(1− λ))tR∗
t −

∞∑
t=0

(β(1− λ))tψ∗
t (37)

wL0 = −θR
∗

θ
(R∗

0 +Π∗
1) , (38)

wLs = − 1

θs

(
θLs+1

α
+ θRs

)(
R∗
s +Π∗

s+1

)
, s > 0 (39)

The formula has the same structure as before, and the weights have the same eco-
nomic interpretation. One key difference is the presence of the customer lifetime value
Π∗ in addition to the debt face value for the weights associated with relationship bene-
fits and loan size. For the loan demand, one needs to compare the present values of the
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debt face value and the costs of lending instead of just the one-period formulas. The
discount rate is the probability of survival on all loans times the time value of money.

Appendix Q reports our calculation of the weights (see in particular section U1).
We use accounting data to calculate yearly values for profits and revenues. We use
Central Bank of Brazil data to estimate survival probabilities and sensitivities.

The weights imply that too many cards are issued and that borrowers are more
sensitive to credit-limit changes than to interest-rate changes. Using the difference-in-
differences estimates (10 per cent increase in cards, 100 reais more revolved per card),
we get that the change in the cost of getting a card associatedwith a 10 percentage point
increase in the probability of getting a credit card decreases welfare. The reason is that
the increase in borrowing capacity does not compensate for the default externality.
The statistic implies that the cost if everyone got one more card is equivalent to paying
425 reais per year.

Over versus underprovision: Bymaking a parametric assumption on the costs and
using the average costs at equilibrium to calibrate the function (see Appendix U), we
can use the ratio of the social planner versus the to quantify the amount of distortion
in credit limit relative to the first best:

ψL(Lt+1)

ψL(LFBt+1)
= 1 −wLs︸ ︷︷ ︸

over or under provision

(40)

=⇒
LFBt+1 − L∗

t+1

L∗ ≈ 7.8%with a cost elasticity of 1.5 (41)

Because borrowers aremore sensitive to the debt face value than future credit limits,
the underprovision channel dominates. We find that post-origination credit limits are
too low relative to the first-best. Our preferred calculation with a cost elasticity of 1.5
implies an underprovision of 7.8%. This represents 400 reais per month for the average
borrower, or 10 per cent of theirmonthly income. TableA7 reports the results for awide
range of target cost elasticities.

This exercise gives a sense of credit-limit distortions. However, they offer only a
partial view of the distortions, as we do not analyse the effect on other dimensions of
the relationship benefits, such as cross-selling or debt collection processes. Doing this
would require estimates of the causal impact of cross-selling on default sensitivities
and average default probabilities, which is outside the scope of our paper.
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8 Conclusion

In this paper, we use a rich administrative dataset of household credit in Brazil to docu-
ment new facts about the credit card market. We show that it is common for borrowers
to hold multiple active cards issued by different lenders. We find that default rates rise
with the number of lenders, and that, when facing financial distress, borrowers tend to
prioritize repaying certain banks over others. Furthermore, we show that prioritized
banks keep supplying credit to individuals even after they default on other banks.

While borrowing from multiple lenders may reflect increased competition and
greater access to differentiated loan products and services, it also presents challenges,
as externalities between lenders can lead to inefficiencies. Banks may respond to it by
competing for repayment priority. We study these market inefficiencies through the
lens of a model featuring non-exclusivity and repayment decisions.

Although we focus on the credit card market, the idea that lenders endogenously
compete for seniority extends more broadly to settings in which contract enforcement
is imperfect or regulations—such as consumer protection laws—limit the effective en-
forcement of legal seniority. Consequently, our framework provides insights into the
implications of non-exclusivity in a wide range of credit markets.
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Figures

Figure 3: Evolution of borrowing from multiple card lenders

(a) Average number of credit card lenders

(b) Share of card borrowers with two or more credit card lenders

Notes: The unit of observation is the borrower–cohort. Panel (a) shows the evolution of the average number of credit card lenders
per borrower. Panel (b) shows the evolution of the share of borrowers with two or more credit card lenders. Population statistics
are computed using inverse probability weighting. Borrowers nearing distress are borrowers who were current on all credit cards
until missing a payment on at least one card in the cohort month.
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Figure 4: Evolution of credit card limits and usage among selective defaulters: paid
versus unpaid cards

(a) Selective defaulters’ monthly card usage: paid versus unpaid cards

(b) Selective defaulters’ limit available: paid versus unpaid cards

Notes: The sample consists of borrowers nearing distress who are selective defaulters. Borrowers nearing distress are borrowers who
were current on all credit cards until missing a payment on at least one card in the cohort month. Selective defaulters are borrowers
who, six months after the cohort month, repay at least one credit card while defaulting on another (payments more than 90 days
past due). The figure reports averages separately for repaid and defaulted lenders. Card usage is measured as the total value of
purchases made during the billing cycle.
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Figure 5: Fraction of selective defaulters 6 months after missing a payment

Notes: The figure reports the shares of borrowers nearing distresswho, six months after the cohort month, (i) repay all credit cards
(repay all cards), (ii) default on at least one credit card while repaying at least one other (selective defaulters), and (iii) default on
all credit cards (universal defaulters). Borrowers nearing distress are borrowers who were current on all credit cards until missing a
payment on at least one card in the cohort month. The shares are reported separately by the number of credit card lenders in the
cohort month.
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Figure 6: (εSB, εNE, ) are the optimal, current and under regulation semi-elasticities

Default
semi-elasticity

Welfare

εSB εNE

Underinvestment
region

Overinvestment
region

Figure 7: Example where the bankruptcy regulation is welfare increasing
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Tables

Table 1: Mean of selected variables by number of credit card lenders

Number of card lenders

1 2 3 4 5 6+

Panel A: Random sample (population)

Wage (formal) 3,757 4,124 4,171 3,812 3,841 3,920
Wage (reported) 3,214 3,704 3,766 3,607 3,737 3,663
Debt service to income 0.18 0.27 0.38 0.48 0.59 0.85
Formal sector 0.36 0.43 0.46 0.46 0.47 0.47
Age 45 44 44 44 43 41
Total balance card 2,631 5,386 7,985 10,300 13,335 20,069
Average limit utilization (%) 54 55 58 61 64 69
Share cards 100% utilization 0.22 0.22 0.24 0.26 0.29 0.34
Total card limit available 5,129 9,247 11,206 11,793 12,688 13,086
Dummy auto loan 0.07 0.12 0.16 0.20 0.24 0.26
Dummy mortgage 0.06 0.09 0.10 0.11 0.11 0.11
Dummy other loans 0.27 0.35 0.43 0.48 0.53 0.60
Dummy payroll loan 0.17 0.21 0.23 0.26 0.26 0.25
Dummy personal loan 0.14 0.20 0.27 0.34 0.42 0.53
Fraction of borrowers 60% 24% 9% 4% 2% 1%

Panel B: Borrowers nearing distress
Wage (formal) 2,151 2,943 3,320 3,399 3,548 3,396
Wage (reported) 2,121 2,778 3,054 3,159 3,272 3,374
Debt service to income 0.26 0.41 0.54 0.65 0.77 1.00
Formal sector 0.29 0.38 0.42 0.44 0.44 0.45
Age 39 42 42 42 42 41
Total balance card 1,558 4,234 6,950 9,702 12,621 19,724
Average limit utilization (%) 83 77 75 76 76 78
Share cards 100% utilization 0.74 0.53 0.47 0.45 0.44 0.45
Total card limit available 548 2,431 3,901 4,639 5,233 6,271
Dummy auto loan 0.06 0.11 0.16 0.20 0.22 0.24
Dummy mortgage 0.03 0.06 0.08 0.09 0.10 0.11
Dummy other loans 0.35 0.45 0.52 0.57 0.63 0.69
Dummy payroll loan 0.12 0.22 0.25 0.26 0.28 0.26
Dummy personal loan 0.21 0.30 0.36 0.43 0.48 0.59
Fraction of borrowers 47% 27% 14% 6% 3% 3%

Notes: The unit of observation is the borrower–cohort. In Panel A, we compute population averages using inverse probability
weighting. In Panel B, we report sample means for borrowers nearing distress, defined as borrowers who were current on all credit
cards until missing a payment on at least one card in the cohort month. Wage (formal) refers to wages recorded in administrative
data (RAIS) and are only available for workers employed in formal jobs. Wage (reported) refers to wages reported by banks. Formal
sector is a dummy variable that takes the value one if the individual has a formal job. Debt service to income is the ratio of debt
payments to income. All monetary values are in Brazilian reais (BRL).

50



Table 2: Mean of default variables by number of credit card lenders

Number of card lenders

1 2 3 4 5 6+

Panel A: Random sample

Default payroll loan 0.04 0.04 0.03 0.03 0.03 0.02
Default mortagage 0.01 0.01 0.01 0.01 0.01 0.02
Default auto loan 0.04 0.03 0.03 0.02 0.03 0.04
Default personal loan 0.11 0.10 0.10 0.10 0.11 0.13
Default other loans 0.10 0.08 0.09 0.09 0.09 0.11
Default credit card 0.07 0.10 0.13 0.15 0.17 0.21

Panel B: Borrowers nearing distress
Default payroll loan 0.07 0.04 0.03 0.03 0.02 0.03
Default mortagage 0.05 0.02 0.01 0.01 0.00 0.01
Default auto loan 0.09 0.05 0.03 0.03 0.02 0.02
Default personal loan 0.09 0.08 0.06 0.05 0.05 0.05
Default other loans 0.11 0.07 0.05 0.04 0.04 0.07
Default credit card 0.00 0.00 0.00 0.00 0.00 0.00

Notes: The unit of observation is the borrower–cohort in themonth before the cohort. In Panel A, we compute population averages
using inverse probability weighting. In Panel B, we compute sample means for the group of borrowers nearing distress, defined as
borrowers who were current on all credit cards until missing a payment on at least one card in the cohort month.
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Table 3: Default rates by number of cards of borrowers nearing distress

(1) (2) (3) (4) (5) (6)

Number of Repay Default on at Default on Selective

card lenders all cards least one card all cards Selective Largest Smallest

1 0.57 0.43 0.43 - - -
2 0.55 0.45 0.11 0.34 0.20 0.13
3 0.53 0.47 0.05 0.41 0.22 0.19
4 0.51 0.49 0.04 0.45 0.23 0.22
5 0.46 0.54 0.03 0.51 0.25 0.26
6+ 0.36 0.64 0.02 0.62 0.35 0.27

Total 0.54 0.46 0.24 0.21 0.12 0.09

Notes: The unit of observation is the borrower–cohort. The sample consists of borrowers nearing distress, defined as borrowers who
were current on all credit cards until missing a payment on at least one card in the cohort month. Columns (1) and (2) partition
this group into borrowers who repay all credit cards six months after the cohort month and those who default on at least one card
six months after the cohort month, respectively. Columns (3) and (4) further classify borrowers who default on at least one card
into those who default on all cards (universal defaulters) and those who default on at least one card while continuing to repay at
least one other card (selective defaulters), respectively. Columns (5) and (6) further split the latter group—selective defaulters—into
borrowers who default on cards accounting for more than 50 percent and less than 50 percent of their total credit card balance,
respectively, measured in the month of the missed payment.
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Table 4: Mean of selected variables by default category of borrowers nearing
distress

No Selective Universal

default Largest balance Smallest balance default

Number of banks 4.1 4.6 4.8 3.6
Number of card lenders 2.9 3.2 3.3 2.4
Number of digital banks 0.6 1.0 0.9 0.7
Share card balance digital banks 0.15 0.15 0.17 0.16
Number of state-owned banks 0.6 0.7 0.7 0.6
Wage (formal) 3,559 2,735 3,083 2,245
Wage (reported) 3,203 2,719 2,855 2,365
Debt service to income 0.46 0.68 0.56 0.48
Formal sector 0.42 0.40 0.41 0.29
Age 43 39 42 36
Dummy payroll loan 0.25 0.20 0.29 0.12
Dummy mortgage 0.08 0.07 0.08 0.05
Dummy auto loan 0.15 0.15 0.14 0.10
Dummy personal loan 0.31 0.42 0.41 0.36
Dummy other loan types 0.50 0.55 0.53 0.46
Dummy default payroll loan 0.01 0.01 0.01 0.01
Dummy default mortgage 0.00 0.00 0.00 0.00
Dummy default auto loan 0.00 0.01 0.01 0.01
Dummy personal loan default 0.02 0.03 0.04 0.03
Dummy other loan types 0.03 0.05 0.04 0.04
Total card balance 6,432 9,166 7,279 5,295
Total credit balance 38,455 35,735 37,930 20,201
Age bank relationship (years) 8.1 6.2 6.8 4.8

Notes: The unit of observation is the borrower–cohort. The sample consists of borrowers nearing distress with two or more credit
card lenders in the cohort month. Borrowers nearing distress are defined as borrowers who were current on all credit cards until
missing a payment on at least one card in the cohort month. Selective means that the borrower defaults on at least one card while
repaying at least one other card. Selective largest balance means that borrowers defaulted on the cards that accounted for more
than 50% of their total card balance measured in the month when they missed a payment. Selective smallest balance means that
borrowers defaulted on the cards that accounted for less than 50% of their total card balance measured in the month when they
missed a payment. Wage (formal) refers to wages recorded in administrative data (RAIS) and only available for workers employed
in formal jobs. Wage (reported) refers to wages reported by banks. Formal sector is a dummy that takes the value 1 if the individual
has a formal job. Debt service to income is the ratio of debt payments to income. All monetary values are in Brazilian reais (BRL).
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Table 5: Default rates by number of cards (for borrowers nearing distress):
controlling for observables

(1) (2) (3) (4) (5) (6)

2 card lenders 0.03*** 0.04*** 0.04*** 0.03*** 0.04*** 0.03***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

3 card lenders 0.06*** 0.07*** 0.08*** 0.06*** 0.07*** 0.05***
(0.011) (0.011) (0.011) (0.009) (0.011) (0.009)

4 card lenders 0.09*** 0.10*** 0.12*** 0.09*** 0.10*** 0.08***
(0.011) (0.010) (0.010) (0.011) (0.011) (0.012)

5 card lenders 0.12*** 0.14*** 0.15*** 0.11*** 0.13*** 0.10***
(0.017) (0.015) (0.015) (0.014) (0.016) (0.014)

6+ card lenders 0.22*** 0.23*** 0.24*** 0.19*** 0.21*** 0.17***
(0.017) (0.017) (0.016) (0.016) (0.018) (0.016)

Age -0.004*** -0.003*** -0.003*** -0.003*** -0.003***
(0.000) (0.000) (0.000) (0.000) (0.000)

Female -0.038*** -0.042*** -0.044*** -0.042*** -0.043***
(0.003) (0.004) (0.004) (0.003) (0.004)

Wage -0.008*** -0.008*** -0.008*** -0.008***
(0.001) (0.001) (0.001) (0.001)

Tenure -0.000** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000)

Debt service to income 0.083*** 0.076***
(0.012) (0.012)

Total debt to income 0.002*** 0.001***
(0.000) (0.000)

Constant 0.460*** 0.609*** 0.604*** 0.594*** 0.603*** 0.595***
-0.005 (0.006) (0.006) (0.007) (0.006) (0.007)

Observations 74,468 74,448 74,448 73,792 74,448 73,792
R-squared 0.153 0.161 0.164 0.174 0.167 0.175

Notes: The sample consists of borrowers nearing distress with a formal job. Borrowers nearing distress are defined as borrowers who
were current on all credit cards until missing a payment on at least one card in the cohort month. The dependent variable is
an indicator equal to one if the borrower defaults on any card six months after the cohort month. All independent variables are
measured at the cohort month. Age is measured in years, and female is a dummy variable equal to one if the worker is female. We
only include borrowers with a formal job in the cohort month. Tenure refers to the length of time (in months) the worker has been
in the job, and wage is the monthly salary (in thousands of BRL). Debt service to income is defined as total monthly debt payments
divided by wage, while total debt to income refers to total outstanding debt divided by wage. The data are at the borrower–cohort
level. All regressions include cohort and county fixed effects. Standard errors, reported in parentheses, are clustered at the cohort
level. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 6: Descriptive statistics of regression variables

Mean SD p25 p50 p75 N

Default 0.45 0.50 0 0 1 164,613
Limit card 2,931 6,809 500 1,169 2,798 164,613
Digital bank 0.23 0.42 0 0 0 164,613
State-owned bank 0.11 0.31 0 0 0 164,613
Payroll loan 0.06 0.23 0 0 0 164,613
Mortgage 0.01 0.10 0 0 0 164,613
Mortgage × state-owned 0.01 0.09 0 0 0 164,613
Auto loan 0.02 0.14 0 0 0 164,613
Personal loan 0.12 0.32 0 0 0 164,613
Other loan types 0.17 0.37 0 0 0 164,613
Default payroll loan 0.00 0.03 0 0 0 164,613
Default mortgage 0.00 0.01 0 0 0 164,613
Default auto loan 0.00 0.03 0 0 0 164,613
Default personal loan 0.01 0.08 0 0 0 164,613
Default other loan types 0.01 0.08 0 0 0 164,613

Notes: Data are at the borrower-bank-cohort level for the sample of borrowers nearing distress with two or more card lenders who
default on a subset of their cards. Borrowers nearing distress are individuals who were current on all cards until failing to make a
payment on at least one card in the cohortmonth. All variables aremeasured in the cohort month, and, except for limit card, which
is measured in Brazilian reais, all variables are binary. We report the mean in column (1), the standard deviation in column (2),
the 25th percentile in column (3), the median in column (4), the 75th percentile in column (5), and the number of observations
in column (6).
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Table 7: Predictors of selective default

(1) (2) (3) (4) (5) (6) (7) (8)

Unrestricted sample Sample with interest rate information

All cohorts Post May 2021 All cohorts Post May 2021

Group 1: Card characteristics
Card with the largest contractual limit -0.06*** -0.05*** -0.08*** -0.08*** -0.03*** -0.04*** -0.05*** -0.06***

(0.00) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Card with the largest balance 0.21*** 0.20*** 0.23*** 0.21*** 0.21*** 0.20*** 0.22*** 0.20***

(0.00) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Card with the oldest relationship 0.01*** -0.03*** -0.00 -0.03*** 0.03*** -0.03*** 0.01*** -0.03***

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01)
Card with the largest interest rate 0.31*** 0.26*** 0.32*** 0.27***

(0.00) (0.00) (0.00) (0.00)

Group 2: Holdings of other loan types
Payroll loan -0.11*** -0.13*** -0.13*** -0.13*** -0.09*** -0.13*** -0.11*** -0.13***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Mortgage -0.17*** -0.16*** -0.22*** -0.20*** -0.13** -0.14*** -0.18*** -0.18***

(0.04) (0.04) (0.05) (0.04) (0.05) (0.05) (0.06) (0.05)
Mortgage x state-owned bank 0.29*** 0.18*** 0.29*** 0.19*** 0.14** 0.13** 0.14** 0.14**

(0.04) (0.04) (0.05) (0.05) (0.05) (0.05) (0.06) (0.06)
Auto loan -0.07*** -0.05*** -0.08*** -0.06*** -0.08*** -0.06*** -0.10*** -0.08***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)
Personal loan 0.03*** 0.02*** 0.03*** 0.03*** 0.01* 0.02** 0.01* 0.03***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Other loans -0.14*** -0.07*** -0.13*** -0.05*** -0.09*** -0.07*** -0.08*** -0.04***

(0.00) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Group 3: Default on other products
Default payroll 0.18*** 0.17*** 0.29*** 0.27*** 0.27*** 0.24*** 0.31*** 0.28***

(0.05) (0.05) (0.07) (0.07) (0.06) (0.06) (0.08) (0.07)
Default mortgage -0.04 -0.03 -0.04 -0.00 -0.01 -0.00 0.19 0.20

(0.17) (0.18) (0.24) (0.25) (0.20) (0.20) (0.27) (0.27)
Default auto loan 0.21*** 0.24*** 0.23*** 0.28*** 0.13* 0.16** 0.20** 0.22**

(0.06) (0.06) (0.08) (0.07) (0.08) (0.08) (0.09) (0.09)
Default personal loan 0.20*** 0.19*** 0.19*** 0.19*** 0.16*** 0.17*** 0.16*** 0.17***

(0.02) (0.02) (0.03) (0.03) (0.03) (0.03) (0.04) (0.04)
Default other loans 0.20*** 0.17*** 0.16*** 0.13*** 0.25*** 0.20*** 0.22*** 0.18***

(0.02) (0.02) (0.03) (0.03) (0.03) (0.03) (0.04) (0.04)

Group 4: Bank type
Digital bank -0.17*** -0.15*** -0.12*** -0.11***

(0.00) (0.00) (0.01) (0.01)
State-owned bank 0.18*** 0.17*** 0.24*** 0.25***

(0.01) (0.01) (0.01) (0.01)

Observations 164,613 164,570 112,634 112,593 101,989 101,950 68,905 68,869
R-squared 0.190 0.272 0.199 0.287 0.276 0.342 0.290 0.358
Borrower FE Yes Yes Yes Yes Yes Yes Yes Yes
Bank FE No Yes No Yes No Yes No Yes

Notes: The table reports coefficient estimates from Equation 1. The sample is comprised of borrowers nearing distresswho have two
or more credit card lenders, default on at least one card, and repay at least one card. Borrowers nearing distress are individuals who
were current on all cards until failing to make a payment on at least one card in the cohort month. The data are at the borrower-
cohort-bank level. All variables are binary. All regressions include borrower-by-cohort fixed effects. Robust standard errors are
reported in parentheses. Columns (3), (4), (7), and (8) restrict the sample to post-May 2021 cohorts, for which the card limit
information is more accurate. Columns (5)–(8) restrict the sample to borrower-cohort-bank observations for which interest rate
information is available. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 8: Difference-in-differences approach

(1) (2) (3) (4)

Number Card debt
of cards to income Delinquency Default

Post_Treat[0−6] 0.05*** 0.092*** 0.009** 0.007
(0.02) (0.033) (0.004) (0.005)

Post_Treat[7−15] 0.11*** 0.137** 0.019** 0.011*
(0.03) (0.053) (0.008) (0.006)

Constant 1.3*** 1.3*** 0.029*** 0.025***
(0.03) (0.05) (0.010) (0.009)

Observations 67,132 67,132 67,132 67,132
R-squared 0.775 0.841 0.648 0.651

Notes: The table reports results from the estimation of Equation 2. Delinquency (default) is a dummy variable equal to one if
the individual has any debt payment overdue by more than 15 (90) days. In all regressions, we include individual fixed effects,
firm-by-month fixed effects, and baseline default status interacted with time dummies. Standard errors, reported in parentheses,
are clustered at the firm level. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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A Empirical part

A1 Sampling

For a given month t (cohort), we take a 1% random sample of individuals who were in
good standingwith all their credit card loans inmonth t−1 (i.e., no cardwith payments
overdue by more than 15 days) but became more than 15 days overdue on at least one
card in month t. We refer to these individuals who are potentially transitioning into
default (i.e., more than 90 days overdue) as borrowers nearing distress. We apply this
procedure every three months, starting in June 2019 and ending in December 2022—a
total of 15 cohorts. For each individual in cohort t, we also collect credit information
for the monthsm ∈ {t− 12, t− 11, ..., t− 1, t, t+ 1, ..., t+ 11}.

For each cohort, we also take a 0.025% random sample of individuals who are not
borrowers nearing distress. These individuals include those who were not in good stand-
ing with all their cards at t − 1 and those who were in good standing with all their
cards at t− 1 and remained in good standing at month t. We refer to these individuals
as all other borrowers. The sampling procedure is described in Appendix Table A1. We
apply inverse probability weighting to estimate statistics for the population of credit
card users. The final data is at the cohort-individual-bank-month level.

In Appendix Table A2, we report the default and delinquency rates for both groups
in the month preceding the cohort. For the all other borrowers group, 7% of individ-
uals have at least one card with payments overdue by more than 90 days (default),
and 10.3% of borrowers have at least one card with payments overdue by more than 15
days (delinquent). By design, both the delinquency and default rates for the borrowers
nearing distress group are zero. In Appendix Table A3, we report a total of 524,533 ob-
servations at the cohort-by-individual level, with 252,844 observations belonging to the
borrowers nearing distress group. Consistent with the growth of the credit card industry,
more recent cohorts are larger than the older ones.
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Table A1: Sampling procedure for cohort t

Repayment Repayment Share
Standing at t-1 Standing at t sampled

Borrowers nearing distress Good Bad 1%

All other borrowers Good Good
0.025%All other borrowers Bad Good

All other borrowers Bad Bas

Notes: The table describes our sampling procedure. A borrower is classified as being in good repayment standing if all active
cards exhibit payment delays of no more than 15 days. Conversely, an individual is classified as being in bad repayment standing
if at least one active card has a payment overdue by more than 15 days. The sample is taken at time t at the individual level,
conditional on the individual having at least one active card.

Table A2: Default and delinquency incidence at t− 1 (month before the cohort)

Borrowers nearing distress All other borrowers

Card level Borrower level Card level Borrower level

Panel A: All card users
Delinquency rate 0 0 10.3 13.2
Default rate 0 0 7.0 9.2

Panel B: Card users with 2+ cards
Delinquency rate 0 0 10.4 17.6
Default rate 0 0 7.0 12.2

Notes: A credit card loan is classified as delinquent if its payments are more than 15 days overdue and as in default if its payments
are more than 90 days overdue. A borrower is considered delinquent (in default) if at least one of their credit cards has payments
that are more than 15 (90) days overdue.
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Table A3: Sample evolution

Borrowers All other
Cohort nearing distress borrowers Total

201906 15,186 15,799 30,985
201909 15,435 16,186 31,621
201912 13,348 16,476 29,824
202003 18,293 16,469 34,762
202006 10,128 16,390 26,518
202009 10,323 16,514 26,837
202012 11,281 16,931 28,212
202103 17,696 17,047 34,743
202106 15,804 18,025 33,829
202109 17,780 18,726 36,506
202112 22,750 19,668 42,418
202203 22,817 20,130 42,947
202206 20,407 20,667 41,074
202209 21,499 21,125 42,624
202212 20,097 21,536 41,633

Total 252,844 271,689 524,533

Notes: The table shows the evolution of the number of unique card users per cohort and group classification.

Table A4: Size of groups based on the number of credit card lenders

Frequency Shares

Number of Borrowers All other Borrowers All other
card lenders nearing distress borrowers Total nearing distress borrowers

1 117,788 163,114 280,902 47% 60%
2 68,462 65,961 134,423 27% 24%
3 34,509 25,363 59,872 14% 9%
4 16,432 9,908 26,340 6% 4%
5 7,793 4,033 11,826 3% 1%
6+ 7,860 3,310 11,170 3% 1%
Total 252,844 271,689 524,533 100% 100%

Notes: Borrowers are categorized based on the number of credit card lenders. The data are at the borrower-cohort level.
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A2 Institutional setting: additional details from aggregate data

Figure A1: Evolution of the number of credit cards and credit card balance

(a) Total number of active credit cards (in millions)

(b) Total credit card loans (inflation-adjusted values in billions BRL)

Notes: The figure reports the total number of active credit cards and the aggregate outstanding credit card balance by year. Mon-
etary values are expressed in constant 2023 Brazilian reais and adjusted by the consumer price index (Índice Nacional de Preços ao
Consumidor Amplo, IPCA). Source: Central Bank of Brazil (Estatísticas de Meios de Pagamentos and IF.data).
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Figure A2: Evolution of borrowers with more than one card lender and growth of
digital banks

(a) Share of credit card users by number of credit card lenders, 2019 and 2022

(b) Share of total credit card balance held by borrowers with two or more card lenders

(c) Number of credit card users by bank type category, 2019 and 2022

Notes: Panel (a) shows the distribution of credit card users by the number of card lenders in 2019 and 2022. Panel (b) reports the
share of total outstanding credit card balances held by users with two or more card issuers. Panel (c) presents the evolution of the
number of credit card users per bank type category. All statistics are computed using data from Central Bank of Brazil (2022).
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Figure A3: Composition of credit card balance and participation of credit card debt
in total household debt

(a) Composition of credit card balance

(b) Participation in total household debt

Notes: Panel (a) shows the composition of credit card balances. Revolving balances arise when cardholders do not pay the full
statement balance by the due date and therefore accumulate interest-bearing debt. Non-interest-bearing purchases are transactions
made during the billing cycle that are fully due on the next payment date and incur no interest if paid on time. Buy now, pay
later (BNPL) balances correspond to credit card transactions repaid in installments, with or without interest. Panel (b) shows the
participation of credit card debt in total household debt. The data are from the Central Bank of Brazil’s SCR.data and Time Series
Management System.
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Figure A4: Participation of credit card debt in total household debt default

(a) Share of total balance in default

(b) Participation in total amount overdue for more than 15 days

Notes: Panel (a) shows the share of balances in default for the revolving and buy now, pay later categories. Default is defined as
payments more than 90 days past due. Panel (b) shows the share of credit card debt overdue by more than 15 days in total house-
hold debt overdue by more than 15 days. We use data from the Central Bank of Brazil’s SCR.data and Time Series Management
System.
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A3 Default and selective default evolution tmonths after becoming
15+ days overdue

Figure A5: Default and selective default evolution tmonths after becoming 15+
day overdue

(a) Share of borrowers nearing distress with at least
one card 90+ days overdue

(b) Share of borrowers nearing distress with at least
one card 90+ days overdue and at least one in good

standing

(c) Share of borrowers nearing distresswith at least
one card 90+ days overdue, at least one in good
standing, and default on less than 50% of the total

card balance

(d) Percentage of borrowers nearing distress with at
least one card more than 90 days overdue and at
least one card in good standing, and default on

more than 50% of the total card balance
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Figure A6: Default and selective default evolution

(a) Share of borrowers nearing distress with at least
one card 90+ days overdue

(b) Share of borrowers nearing distress with at least
one card 90+ days overdue and at least one in good

standing

(c) Share of borrowers nearing distresswith at least
one card 90+ days overdue, at least one in good
standing, and default on less than 50% of the total

card balance

(d) Percentage of borrowers nearing distress with at
least one card more than 90 days overdue and at
least one card in good standing, and default on

more than 50% of the total card balance

Notes: The sample comprises borrowers nearing distress who have one or more cards. We classify a card as in default if there is
balance overdue for more than 90 days six months after the borrower becomes more than 15 days overdue.
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Figure A7: Default and selective default evolution, borrowers with at least two
cards

(a) Share of borrowers nearing distress with at least
one card 90+ days overdue

(b) Share of borrowers nearing distress with at least
one card 90+ days overdue and at least one in good

standing

(c) Share of borrowers nearing distresswith at least
one card 90+ days overdue, at least one in good
standing, and default on less than 50% of the total

card balance

(d) Percentage of borrowers nearing distress with at
least one card more than 90 days overdue and at
least one card in good standing, and default on

more than 50% of the total card balance

Notes: The sample comprises borrowers nearing distress who have two or more cards. We classify a card as in default if there is a
balance overdue for more than 90 days six months after the borrower becomes more than 30 days overdue.
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A4 Share of balance in default among selective defaulters

Figure A8: Share of balance in default

Notes: This figure plots the distribution of the share of total balance in default among selective defaulters. We measure default as
payment more than 90 days past due six months after the cohort month. We compute the shares using the balances at the cohort
month.
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A5 Default and credit scores

Figure A9: Evolution of credit scores around default events

(a) Credit score

(b) Probability of obtaining a new loan

Notes: This figure plots the average credit score and probability of obtaining a new loan for borrowers who experience a new
default in a given month (the cohort) relative to borrowers who do not experience a default in the same month.
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A6 Difference-in-differences analysis

Figure A10: Identification strategy

Firm 1 at t
Wages are paid using Bank A

Owns Bank A’s
card

Owns Bank B’s
card

treated

control

Firm 1 at t+ 1
Wages are paid using Bank B

Owns Bank A’s
and Bank B’s cards

Owns Bank B’s
card

Notes: We compare the relative number of cards and default probability of the blue (treated) and red (control) groups of borrow-
ers before and after the change in the bank that manages the payroll.

Table A5: Descriptive statistics

Treated

Control Complier Non-complier All

Number of card lenders 1.5 1.3 1.2 1.2
Debt-to-wage ratio 1.5 1.0 1.3 1.3
Delinquency rate 0.05 0.02 0.02 0.02
Default rate 0.04 0.01 0.02 0.02
Number of individuals 702 163 2,701 2,864

Notes: We report means of selected variables in the month prior to the new bank assuming management of payroll. Means are
reported separately for three groups: individuals in the control group, compliers (treated borrowers who use a card from the new
bank at some point after treatment), and non-compliers (treated borrowers who never use a card from the new bank in anymonth
of the post-treatment period). Delinquency (default) is defined as a dummy variable equal to one if the individual has any debt
payment overdue by more than 15 (90) days
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Figure A11: Difference-in-Differences

(a) Number of cards (b) Debt-to-wage ratio

(c) Delinquency rate (d) Default rate

Notes: The figures present the results from estimating Equation 3. We report 95% confidence intervals calculated using standard
errors clustered at the firm level. Delinquency (default) is a dummy variable equal to one if the individual has any debt payment
overdue by more than 15 (90) days.
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Figure A12: Synthetic Difference-in-Differences

(a) Number of cards (b) Debt-to-wage ratio

(c) Delinquency rate (d) Default rate

Notes: The figures present estimates from a version of Equation 3 using the synthetic difference-in-differences method proposed
by Arkhangelsky et al. (2021). We report 95% confidence intervals. Delinquency (default) is a dummy variable equal to one if the
individual has any debt payment overdue by more than 15 (90) days.
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Figure A13: Difference-in-Differences: Compliers versus Non-compliers

(a) Number of cards (b) Debt-to-wage ratio

(c) Delinquency rate (d) Default rate

Notes: The figures show the results from estimating Equation 3 with the following modification: treatment dummies are inter-
acted with post-treatment take-up status—compliers (treated borrowers who use a card from the new bank at some point after
treatment) and non-compliers (treated borrowers who never use a card from the new bank in any month of the post-treatment
period). We report 95% confidence intervals calculated using standard errors clustered at the firm level. Delinquency (default)
is defined as a dummy variable equal to one if the individual has any debt payment overdue by more than 15 (90) days

18



B Earning Calls and Interviews

Gentera / Banco Compartamos — Enrique Majós Ramírez, CEO — Q2 2026 earnings
call. In a discussion explicitly about customers receiving credit from multiple com-
petitors—including Nu, Mercado Pago, Plata, Banco Azteca and BanCoppel—and the
resulting risk of over-indebtedness, Majós explains Gentera’s response: “our strategy
is to remain our customers’ first payment priority.” He then explains that staying close
to customers and maintaining the long-term relationship through loan officers is what
allows Gentera to maintain this payment priority.

A second, extremely good one is from Banco Ripley Chile. It is not the CEO, unfor-
tunately, but Julien Labrot, then head of Banco Ripley’s Product Division. In a Septem-
ber 28, 2022 interview with Diario Financiero, the interviewer asks about increasing
delinquency. Labrot explicitly connects being the customer’s principal bank to repay-
ment:

“Si uno es el banco principal, se va a pagar la deuda y lamorosidad va a bajar porque
los clientes son más fieles.”

The surrounding discussion is important: Banco Ripley’s objective was specifically
to become the principal financial institution among customerswho simultaneously had
products at more than one bank.

That translates approximately as: “If you are the main bank, the debt will be paid
and delinquency will decline because customers are more loyal.”

There is also a very useful Nubank statement. After Nubank’s Q3 2022 results, CFO
Guilherme Lagowas askedwhy its deterioration in delinquency had been smaller than
at other Brazilian banks. His answer was explicitly about the banking relationship:
he said much of the market’s worsening delinquency came from “mar aberto” portfo-
lios—customers for whom the lender did not have “principalidade”—whereas more
than half of Nubank’s customers had Nubank as their principal banking relationship.

Finally, Santander Brasil CEO Mario Leão made a related statement during the Q2
2024 results. He explained that Santander did notwant to use unsecuredpersonal loans
simply to acquire customers because that product did not necessarily make Santander
the customer’s principal bank. Instead, he wanted to concentrate on credit cards to
obtain “principalidade.”

C Proof Lenders FOCs

We use the shortcut notationD for the demand and π := [θ(q, R, Cb)R−ψ(L, q)] for the
net present value of the loan.

Taking the first-order conditions with respect to an arbitrary characteristic x ∈
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{L, q,R}, we get:

∂xπ

∂xD
= − π

D
(42)

Let us now calculate ∂xπ and ∂xD for all contract terms. We have:

∂qπ = θqR−mcq (43)

∂Rπ = θRR + θ (44)

∂Lπ = −mcL (45)

Using the envelope theorem, we have:

∂qD = DU · Uq = DU · βθVq (46)

∂RD = DU · UR = −DU · βδθ (47)

∂LD = DU · UL = DU · ∂Lu(L) (48)

For equation 47, I used the fact that borrowers chose optimally whether to default
or not. To fix ideas, let us assume that the cost of defaulting has the form:

ωd(|C|, |R|) =

0, if |r| > |R|,

−∞, if |r| ≤ |R|.
(49)

In that case, we have ∂RD = DU · UR = −DU · βδθ.
The first equation we report in the main text is ∂Rπ

∂RD
= − π

D
, the second is ∂Lπ

∂LD
= ∂Rπ

∂RD

and the third is ∂Lπ
∂LD

= ∂qπ

∂qD
.

D Model

D1 Borrower

This section describes borrowers’ choice of loans and default. We proceed in two steps.
We first characterize the borrower’s repayment decision, taking the set of contracts C
as given. We then analyze the borrower’s contract choice C at the initial date. We drop
the borrower i index for notational convenience.

D1.1 Default

At the second date, we assume the borrower gets a repayment shock so that they can
repay atmost a given number of cards, denoted byR and satisfying |R| ≤ |C|. Formally,
|R| is a random variable whose value realize at the second date. The borrower chooses
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which cards to repay r to maximise their indirect utility subject to a constraint on the
number of cards they can hold:

V (C, ϵ, |R|) := max
r

∑
c∈C

{
1{c∈r}

[ benefit of repaying︷ ︸︸ ︷
V (qc) + ϵc − δRc

]
+ 1{rc ̸=c}

cost of defaulting︷ ︸︸ ︷
vd(|r|, |C|, |R|)

}
(50)

s.t., |r| ≤ |R| (51)

V (qc) + ϵc − Rc is the benefit of repaying the card. When repaying card c, the bor-
rowers get the continuation value V (qc) + ϵc but must pay the full loan amount Rc.

vd(|r|, |C|, |R|) captures the cost of defaulting. We let it depend on the number
of cards owned, the number of cards the borrower defaulted on, and the repayment
shock |R|. In practice, the impact on the credit score depends on the fraction of cards
the borrower repaid. This formulation also captures that defaulting on one card while
still having one is less costly than defaulting on your only card. The rationale is that
individuals need cards for daily expenses.

Example: To illustrate the implication of our repayment model, let us compute the
probability of repaying card c. Let us assume the ϵ shocks are extreme-value distributed
with a variance of σ−1, that the borrower can repay only one card (|R| = 1). We also
assume the cost of defaulting is high enough to incentivise repayment of one card.
Formally:

vd(|r|, |C|, |R|) =

0, if |r| > |R|,

−∞, if |r| ≤ |R|.
(52)

In that case, denoting r∗(ϵ) as the optimal repayment strategy, we get that the sur-
vival probability from the perspective of a lender not knowing the shocks (ϵ) is:

Eϵ[1r∗=c | |R| = 1] := θc(C) =
eσ[V (qc)−δRc]∑
x∈C e

σ[V (qx)−δRx]
(53)

Equation 53 implies that, if all lenders offer the same contract terms, the default
probability is 1

|C| , and the default semi-elasticity with respect to the interest rate and the
one with respect to relationship benefits are: ∂Rθc(C)

θc(C) = −σδ(1 − 1
|C|) < 0 and ∂Rθc(C)

θc(C) =

V ′(q)σ(1 − 1
|C|) ≥ 0 as V ′(q) ≥ 0. With this specification, σ parametrises how strategic

the borrowers are. When σ → 0, borrowers default with probability 1
|C| no matter the

contract terms. When σ → ∞, borrowers are extremely strategic and repay the lender
as soon as they offer a slightly better contract than their competitors.
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D1.2 Number of credit cards

At the first date, the borrower chooses the set of cards C tomaximise their expected util-
ity U(C) + eC net of any costs associated with getting credit cards C(N). Following the
literature on firm entry choice (see, for instance, Melitz, 2003) we allow the borrower
to choose first the number of cards they will get N , then the set of cards they choose
C ∈ B(N), where B(N) is the borrower’s consideration set. This assumption allows
lenders to perfectly predict the number of cards the borrower will get given their com-
petitors’ offer. We relax this assumption in the appendix K and show that it does not
affect the economic channels at play.34 Relaxing this assumption makes lenders have
to integrate over the possible number of cards the borrowers get. Given that the chan-
nels described are the same conditional on the number of cards (see lenders first-order
conditions inAppendix K), the resulting forces are similar but areweighted differently.

The expected utility is given by U(C) := u(L) + βEϵ,|R|[V (C, ϵ, |R|)], where L :=

(Lc)c∈C is the vector of credit limits available in the first period and u(L) is the utility
coming from credit limits. The term βEϵ,|R|[V (C, ϵ, |R|)] is the expected utility in period
two, defined in equation 50, discounted by β. Formally, we have:

u∗(N∗, C∗) := max
N

E[ max
C∈B(N)

U(C) + eC]− C(N) (54)

The cost of getting N credit cards, C(N), captures, for instance, non-monetary costs
such as the mental effort of managing multiple cards, as well as application or search
costs. We interpret C(N) as a cost, but it can also be interpreted as additional benefits
from obtaining multiple cards that U(C) does not capture.

To make the demand function continuous, we add a demand shock for each set of
cards, (eC). As shown in the next section, the demand shocks eC let us introduce an
imperfect degree of substitution between products so lenders can apply a markup.

Example: To illustrate the different economic channels driving demand formultiple
credit cards, assume the borrower is offered identical contracts (Li = Lj , qi = qj ∀j).
In that case, the utility U(C) depends only on the number of contracts. The borrower’s
number of card choices is thus:

u∗(N∗, C∗) := max
N

expected utility of N cards︷ ︸︸ ︷
U(N) + E[ max

C∈B(N)
eC]︸ ︷︷ ︸

love for variety

−
cost of getting cards︷ ︸︸ ︷

C(N) (55)

34The model presented in the Appendix uses an alternative default function for tractability; this spec-
ification does not change the lender’s first-order conditions.
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Equation 55 illustrates the different costs and benefits of getting an additional card
in our model. First, getting a new card increases utility through higher credit limits
(∆u(L) = u(L1, L2) − u(L1)). Second, getting a card impacts the utility in period
two. To dig further, assume borrowers either repay all cards with probability 1− λ or
repay only one (i.e., R = 1 with probability λ). In that case, the new card provides
an additional utility of (1 − λ)[V (q) − αdR] in the good state, but also increases the
cost of defaulting by λvd in the bad state. Third, getting a new card impacts the
term E[maxC∈B(N) eC]. We refer to it as the love for variety: A higher number of
cards increases the probability of getting a higher continuation value due to getting
a higher ϵ draw.35 Finally,∆C(2) := C(2)−C(1) is the cost of getting an additional card.

E Equilibrium Contracts

In this section, we derive the equilibrium contracts. To gain intuition, we focus on a
particular parametrisation of the model that yields closed-form formulas for the equi-
librium contracts.

E1 Parametrization

The parametrisation is based on the example provided in Section D1. We discuss the
impact of our parametrisation on contract terms and the economics channel at play in
more depth in Section E2.

Continuum of lenders: We consider a continuum of lenders. This approach allows
us to use the first-order condition of equation ?? to derive a tractable expression for the
equilibrium number of cards and conduct comparative statics. Under this assumption
(the technical details are in Appendix F), the equilibrium conditions are unchanged
relative to Section 5.1, except that (N) now denotes the mass of cards held by the
borrower.

Parametrisation : We follow the parametrisation used in sections D1 and Section
5.1 examples. We assume that borrowers’ utility is linear in loan size and relationship
benefits, (u(L) = α

∑
c Lc) and (V (q) = γq). The cost of lending and providing benefits

is additively separable: ψ(L, q) = mc(L)+κ(q) = mc
ψ
[exp(ψL)−1]+ κ

ϕ
[exp(ϕq)−1]. The

demand and default shocks are independent and extreme-value distributed, with (σd)
and (σ) parameterising the inverse variance of the default shocks and the variance

35Our modeling of default choices with ϵ introduces a love for variety. One can use the cost function
C to cancel those effects so that ϵ affects default sensitivities without affecting demand for cards.
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of the demand shocks, respectively. We normalise the random shocks so the love-of-
variety effect disappears (i.e., E[maxC∈B(N) eC] = 0, see Appendix F for the derivation).
We denote the default semi-elasticity and the inverse demand semi-elasticity by d :=

−∂V θ
θ

= σd > 0 and ε−1 := D(C)
∂UD(C) =

σ
1−N

B

where B is the mass of lenders (see Appendix
F for the derivation).

For the credit market to exist, we assume that the cost of default is sufficiently high
that borrowers have incentives to repay a mass of one loans.

To focus on selective default, we assume that loan demand is sufficiently high that
borrowers holdmore loans than they can repay following an adverse repayment shock.
Formally, we consider that the costs of searching for loansC(N) are low enough so that
{N : C ′(N) = 0} is larger than one.

We use the same parametrisation of the cost of defaulting as in Section 5, equation
52. This assumption implies that default choices have a logit form as in equation 53.
Ourmodel thus focuses onwhich cards borrowers choose to repay, rather thanwhy the
borrower chose to default in the first place. Having the shock on the fraction of the face
value you can repay instead on the number of loans does not change the key economic
forces (equation 5.1 remains the same, and borrowers still get toomany loans due to the
default externality (see, for instance, Green and Liu, 2021). Additionally, empirically,
the causal effect of interest rates on default is low in the credit card market (see, for
instance, Matcham, 2024), so our model is not a bad approximation of reality in that
set-up.

To simplify the notation, we assume that (|R|) is known and equal to one. These
assumptions can be relaxedwithout affecting the economic forces we seek to highlight.
For instance, if (|R| = N) with probability (1− λ) and (|R| = 1) with probability (λ),
the default semi-elasticity and the equilibrium default formulas change quantitatively,
but the qualitative results in this section are unchanged.

E2 Equilibrium Contracts

We look for a Nash equilibrium. At date one, lenders observe the contracts offered by
their competitors and choose their own contract to maximize profits, taking competi-
tors’ contracts and borrower behavior as given.

We focus on a symmetric equilibrium. When all lenders offer identical contract
terms, the default probability, the number of loans, and the equilibrium contract terms
admit convenient closed-form expressions. In that case, each lender has the same de-
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fault probability. The symmetric equilibrium is characterised by:

θ∗c = 1− λ+ λ
1

N∗ (56)

mc′(L∗
c) = α(1− dδR∗

c) (57)

q∗c :=
{
q : βV ′(q)

[
d(1− δ)θ∗cR

∗
c + θ∗c

]
= κ′(q∗)

}
(58)

θ∗cR
∗
c = ψ(L∗, q∗) +

[
1− dδR

]
ε−1 (59)

C ′(N∗) = αL∗ + (1− λ)β[V (q)− δR] + λω (60)

Proof. Take the first-order condition of the welfare and utility functions.

Comparing this system of equations with that in Section 5 clarifies the role of our
parametrization. Importantly, the parametrization does not shut down any of the eco-
nomic channels of the generalmodel. Instead, our functional-form assumptions deliver
closed-form expressions for the key objects governing equilibrium contract terms: the
demand semi-elasticity and hence the markup ((1 + ∂Rθb

θb
R) D(C)

∂UD(C) = (1− dδR)ε−1), the
ratio of the marginal utility of lending to its marginal cost ( mcL

∂Lu(L)
= α

mc
= 1 − dδR),

and the default semi-elasticity (∂V (q)θ
∗
c = d). Each of these objects plays a central role

in the provision of relationship benefits. The parametrization therefore preserves the
key economic forces of the general model while making them transparent, allowing us
to isolate and characterize the effect of selective default, summarized by (d), on equi-
librium contract terms.

Equation (60) is the continuum-of-cards counterpart of equation (55) from section
D1. It follows from the first-order condition of equation (54), using the fact that ex-
pected utility conditional on the offered contracts is U(N) = αL∗N + γq∗ −R∗.

Equation (60) equates the marginal cost of obtaining an additional loan to the
marginal utility generated by the additional credit limit. Because borrowers expect
to repay a mass of only one loan, obtaining additional loans does not increase their
expected relationship benefit q: although the borrower holds multiple contracts, rela-
tionship benefits are realised only on the loans that are repaid. As a result, themarginal
benefit of an additional loan is driven primarily by its short-term credit provision, L.
This feature captures the idea that, under selective default, borrowers value additional
loans mainly for the liquidity they provide before making repayment decisions. A
more general specification of the repayment shock would allow relationship benefits
to enter the condition determining the number of loans. However, their contribution
would be attenuated by the probability that the corresponding card is repaid, which is
strictly below one under selective default. Our parametrisation therefore isolates this
mechanism while preserving a tractable characterisation of the equilibrium.
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θ∗c =
1

N∗ , (61)

R∗
c =

α−mc

ψ
+

γ

ϕN∗ − κ

ϕ
+ ε−1

1

N∗ +
αdδ

ψ
− γd(1− δ)

ϕN∗ + dδε−1

, (62)

L∗
c =

1

ψ
log

[
α (1− dδR∗

c)

mc

]
, (63)

q∗c =
1

ϕ
log

[
γ (1 + d(1− δ)R∗

c)

κN∗

]
. (64)

ΨN∗ = αL∗
c (65)

To get intuition about how the parameters affect contract terms, let us approximate
the model around δ close to zero. We get that:

θ∗c =
1

N∗ , (66)

R∗
c

N∗ =
α−mc

ψ
+

γ

ϕN∗ − κ

ϕ
+ ε−1 (67)

L∗
c =

1

ψ
(log

[ α
mc

]
− dδR∗

c) (68)

q∗c =
1

ϕ
log

[
γ (1 + d(1− δ)R∗

c)

κN∗

]
(69)

ΨN∗ = αL∗ (70)

The complete solution is

N∗ =
α(ℓ− dδG)

ψΨ+ αdδA
,

θ∗c =
ψΨ+ αdδA

α(ℓ− dδG)
,

L∗
c =

Ψ(ℓ− dδG)

ψΨ+ αdδA
,

R∗
c =

αAℓ+ ψΨG

ψΨ+ αdδA
,

q∗c =
1

ϕ

{
log

[
γ(ψΨ+ αdδA)

κα(ℓ− dδG)

]
+ d(1− δ)

αAℓ+ ψΨG

ψΨ+ αdδA

}
.

(71)
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where
ℓ = log

( α

mc

)
, A =

α−mc

ψ
− κ

ϕ
+ ε−1, G =

γ

ϕ
. (72)

F Continuum of lenders

This section first derives the demand and default functions with a discrete number of
lenders, then takes the continuum-of-lenders limit.

Default choices: Let us go from thediscrete number of cards to a continuum. A con-
venient way to obtain a well-defined continuum limit is to define µJ =

∑J
j=1wj,Jδdj,J ,

where wj,J > 0 denotes the mass associated with lender j, and suppose that µJ tend to
a measure µ as J → ∞.

let εj,J . = ε̃j,J + σ logwj,J where ε̃j,J ∼ Gumbel(0, σ). Using this, we can replace the
sum by integrals when calculating the probabilities and demand semi-elasticities.

For instance, the inclusive value is E [maxj {u(dj) + εj,J}] =

σ log
[
∆J

∑J
j=1 exp

(
u(dj)

σ

)]
+ γσ where γ denotes the Euler–Mascheroni con-

stant. Taking J → ∞ (thus ∆J → 0), the Riemann sum converges to an integral
∆J

∑J
j=1 exp

(
u(dj)

σ

)
−→

∫
D exp

(
u(x)
σ

)
dµ(x). Where dµ(x) is the measure of each

borrowers.
To make the equations match the discrete number-of-cards model, we assume bor-

rowers own a set of cards C of mass N and repay on a set of cards A of mass one.
Denoting u(x) as the utility of repaying the card absent the default shock, the prob-

ability of repaying a set of cards of Awhen owning the set N is thus:

Pr(A) =

∫
A

exp

(
u(x)

σ

)
dµ(x)∫

C
exp

(
u(x)

σ

)
dµ(x)

. (73)

conveniently, ender b default semi-elasticity is:

σd :=
1

σ
[1− 1

|C|
] (74)

We refer to Pr(b) = 1
|C| :=

dµ(b)∫
C dµ(b)

as the probability of defaulting on borrower b. We
refer to |C| as the mass of cards.

Demand choices: The demand follows the same argument. Suppose the utility
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from choosing bundle C is:

U(C) = V (C) + εC, εC = ε̃j,J + σlog(
∆J(
B
N

)),where ε̃j,J ∼ Gumbel(0, σ) (75)

(
B
N

)
is the number of bundles with N cards one can construct when there are B

banks. This normalisation of the random shock is similar to the effect of (∆J). It keeps
utility from blowing up when there is a continuum of lenders. Its only effect is to
normalise the love for variety so that it becomes a constant function of the number of
cards, effectively cancelling it. This is great from our modelling perspective as we do
not want to focus on this channel.

DenotingM as the set of bundles available, the probability of choosing bundle C is
therefore:

P (C) = exp (V (C)/σ)∑
T∈M

exp (V (T )/σ)
. (76)

Now, denoting C as the set of bundles with card c in it, the probability of choosing
a bundle with card c in it is:

P (c) =

∑
c∈C exp (V (C)/σ)∑

T∈M

exp (V (T )/σ)
. (77)

Similarly, the continuum version is:

P (c) =

∫
C
exp (V (C)/σ) dµ(C)∫

M

exp (V (C)/σ) dµ(C)
. (78)

P (c) is the number of bundleswith card c over the number of bundles. With discrete
number of cards this is equal to the fraction of the number of cards over the number of
lenders:

Proof. Assuming a bundle is an unordered set of x distinct balls, drawn from n balls
numbered 1, . . . , n. The total number of different bundles is:(

n

x

)
=

n!

x!(n− x)!
. (79)

We denote this number byM .
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For bundles that contain ball 1, fix ball 1 in the bundle. You then need to choose the
remaining x− 1 balls from the other n− 1 balls:

(
n− 1

x− 1

)
. (80)

Therefore, the fraction of all bundles that contain ball 1 is(
n−1
x−1

)(
n
x

) =
x

n
. (81)

With a continuum of lenders, denoting B as the mass of lenders, we have the same
formula as in the standard logit model:

ε−1 :=
σ

1− N
B

(82)

Similar to the default choices section, the inclusive value when all contracts are the
same is:

V (C) + E[max ϵC] = V (C) + σln(M(N)) = E[max ϵC] = V (C) (83)

In its discrete-time version, M(N) is the number of bundles. It decreases with the
number of cards: larger bundlesmean less variety, so one can create fewer of them. This
property does not reflect the economic channel we are interested in. In the continuum
case, this number would blow up unless one normalises the random shocks. With our
normalisation of the random shock (lim(B,N)→∞

1

(BN)

∫
T
dC = 1), the mass of bundles is

always one, so the love of variety disappears.

G Proof Linear model

Let us consider that the borrower gets multiple cards and that every competitor of
lender b offers a contract that maximizes the debt capacity Rc = W for all c. Let us
show that lender b then offers Rb = W .

Lender b knows the borrower will default on all but one credit card. If the borrower
chooses to repay lender b, given that the marginal rate of transformation α

mcL
> 1 on

credit card loans is higher than the one on interest rates ( 1
1+θR

= 1 < α
mcL

with θR

jumping atW = R), the lender b then optimally setsW = R (see equation 42 of section
C for the derivation of the first order conditions). Setting W < R is not optimal as
default is costly (since Vc −Rc + ϵc > vd, ∀ϵc).
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Given that Rc = W for all c, borrowers choose multiple cards and default when the
condition αL∗ + βvd + δ(2) > ∆C(2)) is satisfied.

Other equilibrium: Due to discontinuities in our model, depending on the
parameters, the equilibrium with default might not be the only one. In par-
ticular, there might be an equilibrium without default. For instance, let us as-
sume that the borrower is exactly at his budget constaint (i.e.,

∑
cR

∗
c = W). In

that case, existing lenders might not have incentive to increase the credit limit
and thus the interest rates (as θRc jumpings at Rc = R∗

c). The reason is that it
would generate default, which can lower borrowers’ utility (this is the case when
(α− cost)∆L+ βE[

∑
1{r∗(ϵ)>R}(V (q)−R + ϵ− vd) + vd] < βE[V (q)−R + ϵ]).

Equilibrium Selection: We focus on an equilibrium with default as this is con-
sistent with the data and makes competition for informal seniority relevant. Default
would also appear naturally in a more general model when income is a random
variable, making the equilibirum we pick relevant to understand selective default
forces that would arise in the general model. We focus on the case where income
is not random for tractability. While the assumption about default being constants
affects the shape of the default function and default elasticity, the first order condi-
tions would still be the same. The economic forces at playwould thus remain the same.

Uniqueness: One simple way to make the equilibrium with no default and R = W

unique in our model is to assume that the cost of default is increasing in the share of
credit card the borrower defaulted (denoted s). One can set those cost so that bor-
rowers have incentives to default on all but one card (i.e., choosing vd(s) large enough
when s < 1 so that Vc −Rc + ϵc > vd, ∀ϵc is satisfied only for s = |C∗|−1

|C∗| where C∗ is such
that αL ≤ F (|C∗|+ 1)).

The assumption that defaulting on one card when you have, for instance two, is
less costly than when you have one make sense empirically as the credit score impact
is lower when you default. It is also arguably less costly for borrowers as they can still
use one of the card to make important transactions.

H Examples of micro-foundations for Vc
Let us now discuss different functional forms for Vc that can capture the stylized facts
presented in Section 3.2. The empirical section suggests that three main channels can
affect repayment behavior. First, the lenders can invest in an app or a reward system
that the borrower values, making the threat of cancelling the card upon default more
costly. Second, the lender can change the credit limit on the card depending on the
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repayment behavior. Third, the lender can offer another loan product in the second
period if the borrower does not default on the card.

Those three channels can be captured using the following parametrization of Vc:

App or reward system: Vc(qc,R) = qc(R) (84)

Credit limit: Vc(L̃c, R̃c,R) = L̃c(R)− βR̃c(R) (85)

Other Loan product:
∑
c

Vc(L̃c, R̃c︸ ︷︷ ︸
qc

,R) = Eεb [max
b

{L̃b(R)− βR̃b(R) + εb}] (86)

In Equation 84, qc can be interpreted as the app quality or the generosity of the
reward system. In Equations 85 and 86, L̃c and R̃c are the loan size and the debt face
value for the credit card and the other loan product, respectively. The variables qc,
L̃c and R̃c are functions of R. That is, lenders can condition their value based on the
borrower’s repayment behavior, potentially canceling access to the bank app or the
rewards if the borrower does not repay the credit card.

The timing assumption behind Equations 85 and 86 is the following, and requires
adding one period to the model. After seeing the repayment in period 2, the lender
changes the credit card contract to offer a new loan product. The repayment R̃ of the
new contract happens at the end of a third period. The benefit of borrowing L̃ happens
in the second period. For simplicity, we assume that the borrower cannot get a new
credit card contract in period 2 (for Equation 85), or that the other loan contracts are
exclusive in the second period (for Equation 86). This assumption is in line with the
empirical evidence that other contracts offered are mortgages or car loans, for which
borrowers typically only get one. The fact that the borrower does not get a new card
(for Equation 85) can be micro-founded by a model in which the repayment shocks in
the third period are perfectly correlated with those in the second period. In that case,
since the next section shows that the borrower repays only one contract in the second
period, the lender learns that if they have seniority in the third period, and are thus the
only lender.

The following section I shows that when lending generate a positive net present
value, there exist an equilibrium in which it is optimal to exclude borrowers in the
second period (i.e., set qc = Lc = Rc = 0 if c /∈ R) if they did not repay their debt,
and to set R̃ = W̃ if they repays, where W̃ is the borrower wage in the third period.
In that case, all three equations are equivalent: They are all increasing functions of one
variable (qc or L̃c) conditional on repayment. Vc can be normalized to zero conditional
on defaulting on card c. This justifies the general approach used in the main text.
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I Examples of Micro-foundations for cc
Using the three micro-foundations discussed in Section H, potential functional forms
for the cost function are:

Rewards: cc(qc, θc(Rc, qc)) := cc(max{qc(R)}) positive convex and increasing (87)

Credit limit: cc(R, R̃, L̃, θc(R, R̃, L̃)) = −θc(R, R̃, L̃){R̃−mcLL̃} (88)

Other Loan: cc(R, R̃, L̃, θc(R, R̃, L̃)) = −θc(R, R̃, L̃)D̃(R̃, L̃){R̃−mcLL̃} (89)

In Equation 87, we consider that setting a generous reward system requires the
lender to set aside some money in the first period c(max{qc(R)}). The operator
max{qc(R)} captures the fact that the bank pays the cost in the first period and should
ensure to have invested enough to provide the maximum reward it committed to.

In equations 88 and 89, the costs are paid in the second period, after the repayment
R is observed. We drop theR from the variables (R, R̃, L̃) to simplify the notation. The
cost function can be positive or negative depending on the markup the lender sets for
the other product, sold in the second period. In Equation 89,D(R̃, L̃) is the probability
of choosing bank c in the second period. It is derived from Equation 86.

As in section 5.2, when lending is a positive NPV, it is optimal to set R̃ = W̃ , where
W̃ is the borrower’s income in the second period. All the equations are thus functions
of one variable (q or L̃).

J Condition Costs Functions

For the lender to know the borrower will always get the same number of cards |C|, we
need the cost function to be such that:

C(|C|) ≤ u(Lb, L−b(|C| − 1)) + min{E[V (C)] + ec} (90)

≤ u(Lb, L−b(|C|)) + max{E[V (C ′)] + ec} ≤ C(|C|+ 1), ∀Lb, qb (91)

L−b(x) is the vector of size x, composed of the x higest loan size contracts other than
contract b.

C ′ is the set of cards with card b and card −b.
Lb, qb belong to a bounded set. This set is such that the bank has to make positive

profits.
min{E[V (C)] + ec} can be replaced by |(C|(vd + ec), where ec is a lower bound on ec,

and max{E[V (C ′)] + ec} by |(C|[V (q̄)]where q̄ is an upper bound on qc.
One easy way to satisfy this equation is by setting the cost equal to 0 when the

number of cards is below a threshold and infinity above.
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K Numerical Simulation

Utility : To perform the numerical simulation, we model the default choice as an effort
choice problem as in Green and Liu (2021):

U(C) = max
ec

∑
c∈C

{u(Lc) + θ(ec)[u(V (qc)−Rc)− vd(e)] + vd(e)} (92)

s.t.
∑
c

ec = W (93)

vd(e) captures the idea that the cost of defaulting is lower when the lender sees
that the borrower has put effort into repaying. This modelling assumption is done for
tractability and does not change the key economic channels affecting default; they just
affect the functional forms.

Default : Using the first order condition and denoting λ the shadow cost, we get:

θ′[u(V (qc)−Rc)− vd] + (1− θ)vd
′
= λ (94)

Assuming θ(ec) = α+βe and vd := v+νe, Using the budget constraint, the survival
probability, denoted θc is:

ec =

Uc︷ ︸︸ ︷
β[u(V (qc)−Rc)− v] + (1− α)ν−λ

2βν
(95)

=⇒
∑
C

β[u(V (qc)−Rc)− v] + (1− α)ν − λ

2βν
= W (96)

⇐⇒λ =

∑
C{β[u(V (qc)−Rc)− v] + (1− α)ν} −W2βν

|C|
(97)

=⇒ θ(ec) = α +
ν−1

2
[Uc − E[Uc]] + βν

W

|C|
(98)

The survival probability is thus decreasing in the number of credit cards (|C|) and
increasing in how good the card is relative to other cards in the portfolio (Uc − E[Uc])

Choice of cards: We consider that the lender observes the cards the borrower
chooses C and offers a contract that depends on that

max
C

Ũ(C)︷ ︸︸ ︷
U(C)− C(|C|)+eU(C) (99)

Where eU(C) is extreme value distributed. We consider that the lender b observes
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the set of competitors’ cards held by the borrowers (C−b) and then chooses the contract
terms conditional on that set. The demand thus has a logit form:

D(U(C)) = exp(Ũ(C))∑
c exp(Ũ(c))

(100)

Contract terms : Lenders set contract terms to maximise profits. Denoting Cb the
set of credit card portfolios containing the lender b card, lender maximization problem
is: ∑

C∈Cb

D(U(C)) [θ(C)R− costL]︸ ︷︷ ︸
π(C)

(101)

Using the envelope theorem, we get that the sensitivity of D(U(C)) to R and q are
−θc((C))D(U(C)) and θc((C))V ′(q)D(U(C)).

Using the first-order conditions, we get:

R :
∑

D(U(C))[θR(C)R + θ(C)] =
∑

D′(U(C))θ(C)π(C)

⇐⇒
∑

DRθR =
∑

DRmc+D[θR(C)R + θ(C)] (102)

L :mcL
∑

D(U(C)) =
∑

D′(U(C))u′(L)π(C)

⇐⇒u′(L) = mcL

∑
D(U(C))∑

D′(U(C))π(C)
(103)

V :
∑

D(U(C))[κ′(q)− ∂qθcR] = V ′(L)
∑

D′(U(C))θ(C)π(C)

⇐⇒V ′(q) =

∑
D(U(C))[ψ′(q)− ∂qθcR]∑
D′(U(C))θ(C)π(C)

(104)

In a symmetric equilibrium, we have:

θc(C) = α + βν
W

|C|
(105)

θX =
ν−1

2
[1− 1

|C|
]∂XUc (106)

Simplification: If the demand for cards is such that the borrowers get n cards (i.e.,
C(|C|) is equal to minus infinity whenever |C| is different than n), the problem is sim-
pler. In that case, the demand and default functions are the same regardless of the
chosen bundle. In that case, the system of equations can be written exactly as in the
previous model:
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R : θR = mc(L) + [1− ε̃R]ε−1 (107)

L : u′(L) =
ψ′(L)

1− ε̃R
(108)

V : V ′(q)θ[
mc

u′(L)
− ε̃R] = c′(q) (109)

with ε−1 :=
∑
D(U(C))∑
D′(U(C)) which is equal to a constant in a symmetric equilibrium. ε̃ :=

∂Rθ(n)
θ(n)

is also a contant (equal to
ν−1

2
[1− 1

n
]

α+βνW
n

).
Solving for R using equations 107 and 108, we get:

R =
mc(L) + ε−1

θ + ε̃ε−1
(110)

u′(L) =
ψ′(L)

1− ε̃mc(L)+ε
−1

θ+ε̃ε−1

(111)

Considering that u′(L) = γlog(L) andmc(L) = mc · L, we get:

L∗ = γ
1− ε̃ ε−1

θ+ε̃ε−1

mc(1 + γ ε̃
θ+ε̃ε−1 )

(112)

R∗ =
mcL∗ + ε−1

θ + ε̃ε−1
(113)

Using it into equation and assuming V ′(q) = V · q and c′(q) = cq, we get:

V ′(q)θ[
mcL∗

γ
− ε̃R∗] = c′(q) (114)

q∗ =
V θ[mcL

∗

γ
− ε̃ costL

∗+ε−1

θ+ε̃ε−1

c
(115)

q∗ =
V θ[mcL∗[ 1

γ
− ε̃ 1

θ+ε̃ε−1 ]− ε̃ ε−1

θ+ε̃ε−1

c
(116)

The borrower’s welfare is:

W = n{γlog(L∗) + θ[V q∗ −R∗ − vd(e∗)] + vd(e∗)} (117)

35



with:

θ = α +
βν

n
(118)

vd(e∗) = v + νe∗ (119)

e∗ = νβ
W

n
(120)

L∗ = γ
1− ε̃ ε−1

θ+ε̃ε−1

mc(1 + γ ε̃
θ+ε̃ε−1 )

(121)

R∗ =
mcL∗ + ε−1

θ + ε̃ε−1
(122)

q∗ =
V θ[mcL

∗

γ
− ε̃R∗]

c
(123)

The survival probability θ is a parameter (parametrized by α and the number of
cards). The markup ε−1 is also a free parameter. ε̃ is parametrized by ν and the effort
benefits by β. We can thus focus on changing each parameters (ε−1, ε̃, θ) holding effort
e∗ constant. This allows our comparative statics not to depend on our modeling choice
of e∗.

The figure below reports the result of the simulation for parameters close to our
estimates

(a)Welfare when competition is high: equal
recovery increases welfare

(b)Welfare when competition is low: equal
recovery reduces welfare

Figure A14: Borrower Welfare as a function of default sensitivities

L Cancelling card upon not repaying

The section shows that it is optimal for the lender to cancel the card, conditional on the
borrower not repaying the full debt face value. To illustrate the case in which q can be
interpreted as offering a new credit card, we define relationship benefits as q = (R,L),
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where R and L are the face value and credit limit in a third period.
Formally, let us look at the lender problem at date 2 before the borrower makes his

repayment choice. Lender b conditions the credit card offer in the second period on
repayment rb made by the borrower. Denoting the credit card offer (L(rb), R(rb)) in the
second period, the lender’s objective function is:

max
L(rb),R(rb)

∫
rb + [Rb(rb)θ((rc)c)− costL(rb)]dF (rb) (124)

s.t. F (rb) defined by problem 126 (125)

Let us assume that the borrower repayment shocks ϵ are persistent for the first and
second contract, so that lender b expects to lose seniority with probability one with the
new loan contract if they lost it with the old one, that is, θ((rc)c) is zero if they repaid the
other lender. This simplifies the exposition by making the second contract "exclusive"
in the second period, as only one lender is willing to lend.

The borrower in the second period chose which card to repay. Their maximization
problem is:

max
r:=(rc)c

W +
∑
c

αLc(rc)−Rc(rc)− rc + ϵc (126)

s.t.
∑

rc ≤ W

0 ≤ rc ≤ W

Suppose the other lenders offer L̄c andR(rb) = W if the borrower repays the debt in
full and zero otherwise. We now show that doing this strategy is also the best response
for lender b. Themaximisation problem implies that the borrower repays only one card.

Using the borrower problem 126, the probability of lender b being repaid is thus:
Pr(αL̄c+ ϵc ≤ maxrb≤WW −αL(rb)−rb+ ϵb). For the lender, the problem is then equiv-
alent to choosing rb and L instead of the pricing schedule. Lender utility is maximized
at rb = W as α > cost. One way to implement the optimal contract is by offering L̄c,
R(rb) = W if the borrower repays the debt in full and zero otherwise. The lender’s
problem is thus to choose the loan size conditional on repayment Lb. Formally, the
lender problem is:

max
Lb

θ(Lb)︷ ︸︸ ︷
Pr(αLb + ϵb ≥ αLc + ϵc ∀c)[W1 +W2 − costLb] (127)

W1 is the repayment from the first loan and W2 from the second. The first-order con-
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ditions give the optimal Lb.

M Proof of existence and uniqueness

Equilibrium conditional onN . Consider an arbitrary number of cardsN , the follow-
ing set of equations characterises the unique equilibrium:

θ∗c = 1− λ+
λ

N∗ , (128)

ε∗d = σδ

(
1− 1

N∗

)
λ/N∗

1− λ+ λ/N∗ , (129)

R∗
c =

α−mc

ψ
+
βγθ∗c − κ

ϕ
+ ε−1

θ∗c +
αε∗dδ

ψ
− βγθ∗cε

∗
d(1− δ)

ϕ
+ ε∗dδε

−1

, (130)

L∗
c =

1

ψ
log

[
α (1− ε∗dδR

∗
c)

mc

]
, (131)

q∗c =
1

ϕ
log

[
βγθ∗c (1 + ε∗d(1− δ)R∗

c)

κ

]
, (132)

ξN∗ = αL∗ + (1− λ)β[V (q∗)− δR∗] (133)

Let us denoteC ′(N∗) = H(N) := αL∗+(1−λ)β[V (q∗)−δR∗]+λω, to show existence
and uniqueness, we need to show that: (i) C ′(1) < H(1), (ii) C ′(N) > H(N) and (iii)
C ′(∞) > H(∞).

Suppose the cost of holding N cards is quadratic plus affine:

C(N) =
ξ

2
(N − 1)2 + η(N − 1) + C0. (134)

Let us now show that the conditions for existence and uniqueness are satisfied.
Define F (N) := C ′(N) − H(N). At N = 1, we have, F (1) = η − H(1). Hence, a

sufficient condition (i) is:

η < H(1). (135)

WE also have F ′(N) = ξ −H ′(N). The second condition is thus:

ξ > sup
N≥1

H ′(N). (136)

These two conditions are independent. The parameter η determines the level of

38



marginal cost at N = 1, while ξ determines the slope of marginal cost.
Finally, if H(N) is bounded above as N → ∞, then condition (iii) is satisfied:

C ′(N) = ξ(N − 1) + η → +∞, (137)

so the upper crossing condition is automatically satisfied.

N Proof Result 2

The derivative of welfare is:

∂σN [αL−mc(L)− κ(q)− C ′(N) + ∂N(Nθ)V (q)] (138)

+ ∂σL[α−mc′(L)]N (139)

+ ∂σq[θV
′ − κ′(q)]N (140)

When σ = 0, we have α = mc′ and [θV ′ = κ′(q)]. Using the borrower first
order condition, we carn replace αL − mc(L) + θV − κ(q) − C ′(N) + ∂N(Nθ)V (q) by
(1− λ)R−mc(L)− κ(q).

When σ = 0, we have d∗ = 0. Define

θ(N) = 1− λ+
λ

N
.

The equilibrium is then given by

θ∗c = θ(N∗), (141)

L∗
c =

1

ψ
log
( α

mc

)
, (142)

q∗c =
1

ϕ
log

(
βγθ(N∗)

κ

)
, (143)

R∗
c =

βγ

ϕ
+

α−mc

ψ
− κ

ϕ
+ ε−1

θ(N∗)
. (144)

Finally, N∗ solves
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ξN∗ =

lending︷ ︸︸ ︷
α

ψ
log
( α

mc

)
+(1− λ)β

[ Relationship benefits︷ ︸︸ ︷
γ

ϕ
log

(
βγθ(N∗)

κ

)

−δβγ
ϕ

−
δ
(
α−mc
ψ

− κ
ϕ
+ ε−1

)
θ(N∗)

]
︸ ︷︷ ︸

rate

+λω. (145)

Comparative statics with respect to σ around σ = 0. Let N0 denote the equilibrium
number of cards when σ = 0, and define

θ0 := θ(N0) = 1− λ+
λ

N0

. (146)

It is useful to define

X :=
α−mc

ψ
− κ

ϕ
+ ε−1, (147)

so that, when σ = 0 and hence d = 0,

R0 =
βγ

ϕ
+
X

θ0
. (148)

Define also

K0 :=
αδ

ψ
− βγθ0(1− δ)

ϕ
+ δε−1. (149)

For a given N , the equilibrium interest rate can be written as

R =
θ βγ
ϕ
+X

θ + dK
, (150)

Holding N fixed and differentiating with respect to d, evaluated at d = 0, gives

∂R

∂d

∣∣∣∣
d=0

= −R0K0

θ0
. (151)

Similarly, since

L =
1

ψ
log

[
α(1− dδR)

mc

]
, (152)

40



we obtain

∂L

∂d

∣∣∣∣
d=0

= −δR0

ψ
. (153)

Moreover,

q =
1

ϕ
log

[
βγθ (1 + d(1− δ)R)

κ

]
, (154)

which implies

∂q

∂d

∣∣∣∣
d=0

=
(1− δ)R0

ϕ
. (155)

Recall that

H(N, σ) := αL∗(N, σ) + (1− λ)β [γq∗(N, σ)− δR∗(N, σ)] + λω. (156)

Therefore,

∂H

∂d

∣∣∣∣
d=0

= α

(
−δR0

ψ

)
+ (1− λ)β

[
γ(1− δ)R0

ϕ
+
δR0K0

θ0

]
. (157)

Factoring out R0,

∂H

∂d

∣∣∣∣
d=0

= R0

{
−αδ
ψ

+ (1− λ)β

[
γ(1− δ)

ϕ
+
δK0

θ0

]}
. (158)

Now,

d = σδ

(
1− 1

N

)
λ/N

θ(N)
. (159)

Hence, holding N fixed,

∂d

∂σ

∣∣∣∣
σ=0

= δ

(
1− 1

N0

)
λ/N0

θ0
. (160)

It follows that

Hσ(N0, 0) = δ

(
1− 1

N0

)
λ/N0

θ0
R0

×
{
−αδ
ψ

+ (1− λ)β

[
γ(1− δ)

ϕ
+
δK0

θ0

]}
. (161)
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The equilibrium condition for the number of cards is

ξN∗ = H(N∗, σ). (162)

Implicit differentiation with respect to σ gives

ξ
dN∗

dσ
= HN

dN∗

dσ
+Hσ. (163)

Therefore,

dN∗

dσ
=

Hσ

ξ −HN

. (164)

Evaluated at σ = 0,

dN∗

dσ

∣∣∣∣
σ=0

=

δ

(
1− 1

N0

)
λ/N0

θ0
R0

{
−αδ
ψ

+ (1− λ)β

[
γ(1− δ)

ϕ
+
δK0

θ0

]}
ξ −HN(N0, 0)

. (165)

The derivative HN(N, 0) can also be obtained explicitly. When σ = 0,

H(N, 0) = constant+ (1− λ)β

[
γ

ϕ
log θ(N)− δX

θ(N)

]
. (166)

Since

θ′(N) = − λ

N2
, (167)

we have

HN(N, 0) = (1− λ)βθ′(N)

[
γ

ϕθ(N)
+

δX

θ(N)2

]
= −(1− λ)βλ

N2

[
γ

ϕθ(N)
+

δX

θ(N)2

]
. (168)

Under the local uniqueness condition

ξ −HN(N0, 0) > 0, (169)

and assuming N0 > 1 and R0 > 0, the sign of the comparative static is therefore given
by

sign

(
dN∗

dσ

∣∣∣∣
σ=0

)
= sign

{
−αδ
ψ

+ (1− λ)β

[
γ(1− δ)

ϕ
+
δK0

θ0

]}
. (170)
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Hence,

dN∗

dσ

∣∣∣∣
σ=0

> 0 (171)

if and only if

(1− λ)β

[
γ(1− δ)

ϕ
+

δ

θ0

(
αδ

ψ
− βγθ0(1− δ)

ϕ
+ δε−1

)]
>
αδ

ψ
. (172)

The comparative static reflects three effects:

−αδ
ψ︸ ︷︷ ︸

lower credit limit

+ (1− λ)β
γ(1− δ)

ϕ︸ ︷︷ ︸
higher quality

+ (1− λ)β
δK0

θ0︸ ︷︷ ︸
lower repayment

(173)

The first effect reduces the incentive to hold additional cards, while the last two
increase it when K0 > 0. Thus, the sign of dN∗/dσ is in general ambiguous.

N1 Closed form

When λ = 1, borrowers mainly care about loan size, as they know they will keep only
one card. In that case, we have a closed-form solution.

ξN∗ =
α

ψ
log
( α

mc

)
+ ω. (174)

When λ = 1, the model has a closed-form solution when δ is small, and each lender
is infinitesimal. To get intuition about how the parameters affect contract terms, let us
approximate the model around δ close to zero. We get that:

θ∗c =
1

N∗ , (175)

R∗
c

N∗ =
α−mc

ψ
+

γ

ϕN∗ − κ

ϕ
+ ε−1 (176)

L∗
c =

1

ψ
(log

[ α
mc

]
− dδR∗

c) (177)

q∗c =
1

ϕ
log

[
γ (1 + d(1− δ)R∗

c)

κN∗

]
(178)

ΨN∗ = αL∗ (179)
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The complete solution is

N∗ =
α(ℓ− dδG)

ψΨ+ αdδA
,

θ∗c =
ψΨ+ αdδA

α(ℓ− dδG)
,

L∗
c =

Ψ(ℓ− dδG)

ψΨ+ αdδA
,

R∗
c =

αAℓ+ ψΨG

ψΨ+ αdδA
,

q∗c =
1

ϕ

{
log

[
γ(ψΨ+ αdδA)

κα(ℓ− dδG)

]
+ d(1− δ)

αAℓ+ ψΨG

ψΨ+ αdδA

}
.

(180)

where
ℓ = log

( α

mc

)
, A =

α−mc

ψ
− κ

ϕ
+ ε−1, G =

γ

ϕ
. (181)

O Proof Result 3

Let

x ≡ ε−1, (182)

and define

U =
α−mc

ψ
+
βγθ − κ

ϕ
+ x, (183)

D = θ +
αdδ

ψ
− βγθd(1− δ)

ϕ
+ dδx. (184)

Then,

R =
U
D
. (185)

We first differentiate conditional on N . Since θ and d only depend on N ,

∂θ

∂x

∣∣∣∣
N

=
∂d

∂x

∣∣∣∣
N

= 0. (186)
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Moreover,

∂U
∂x

= 1, (187)

∂D
∂x

= dδ. (188)

Hence,

∂R

∂x

∣∣∣∣
N

=
D − dδU

D2
. (189)

Since U = RD,

∂R

∂ε−1

∣∣∣∣
N

=
1− dδR

D
. (190)

Thus, provided that the equilibrium satisfies 1− dδR > 0,

∂R

∂ε−1

∣∣∣∣
N

> 0. (191)

For L,

L =
1

ψ
log

[
α(1− dδR)

mc

]
. (192)

Therefore,

∂L

∂x

∣∣∣∣
N

= −dδ
ψ

Rx

1− dδR
. (193)

Substituting the expression for Rx gives

∂L

∂ε−1

∣∣∣∣
N

= − dδ

ψD
< 0. (194)

For q,

q =
1

ϕ
log

[
βγθ (1 + d(1− δ)R)

κ

]
. (195)

Hence,

∂q

∂ε−1

∣∣∣∣
N

=
d(1− δ)(1− dδR)

ϕD [1 + d(1− δ)R]
> 0. (196)
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Thus, conditional on N ,

Rε−1 > 0, Lε−1 < 0, qε−1 > 0. (197)

Effect on N ∗

Define

H(N, x) = αL(N, x) + (1− λ)β [V (q(N, x))− δR(N, x)] + λω. (198)

The equilibrium condition is

ξN = H(N, x). (199)

Differentiating with respect to x,

ξ
dN

dx
= HN

dN

dx
+Hx. (200)

Hence,

dN∗

dε−1
=

Hε−1

ξ −HN

. (201)

Under the uniqueness condition

ξ > HN , (202)

the denominator is positive. Therefore, the sign of dN∗/dε−1 is entirely determined by
the direct effect Hε−1 .

If

V (q) = γq, (203)

then

Hx = αLx + (1− λ)β [γqx − δRx] . (204)

Substituting the expressions above gives

Hε−1 =
1

D

{
−αdδ

ψ
+ (1− λ)β(1− dδR)

[
γd(1− δ)

ϕ [1 + d(1− δ)R]
− δ

]}
. (205)
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Therefore,

dN∗

dε−1
=

−αdδ
ψ

+ (1− λ)β(1− dδR)

[
γd(1− δ)

ϕ [1 + d(1− δ)R]
− δ

]
D (ξ −HN)

. (206)

A simple sufficient condition for

dN∗

dε−1
< 0 (207)

is

γd(1− δ)

ϕ [1 + d(1− δ)R]
≤ δ. (208)

Intuitively, increasing ε−1 directly raises R, lowers L, and raises q. The effect on the
number of cards is negative if the reduction in credit limits and the higher repayment
burden dominate the increase in quality.

Finally, once N∗ adjusts, the total derivatives are

dR∗

dx
= Rx +RN

dN∗

dx
,

dL∗

dx
= Lx + LN

dN∗

dx
,

dq∗

dx
= qx + qN

dN∗

dx
. (209)

Similarly,

dθ∗

dx
= − λ

(N∗)2
dN∗

dx
. (210)

Thus, if N∗ falls with ε−1, then θ∗ necessarily rises.

P Proof 4

Holding N constant, θ and εd are fixed. Define

D := θ +
αεdδ

ψ
− βγθεd(1− δ)

ϕ
+ εdδε

−1. (211)

Under the cost parametrization

c(L;mc) =
mc

ψ

(
eψL + a

)
, (212)
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the equilibrium face value is

R∗ =

α + amc

ψ
+
βγθ − κ

ϕ
+ ε−1

D
. (213)

Therefore,

∂R∗

∂mc

∣∣∣∣
N

=
a

ψD
. (214)

Hence,

sign

(
∂R∗

∂mc

∣∣∣∣
N

)
= sign(a). (215)

The equilibrium loan size is

L∗ =
1

ψ
log

[
α (1− εdδR

∗)

mc

]
. (216)

Differentiating with respect tomcwhile holding N fixed gives

∂L∗

∂mc

∣∣∣∣
N

=
1

ψ

[
− 1

mc
− εdδ

1− εdδR∗
∂R∗

∂mc

∣∣∣∣
N

]
= − 1

ψmc
− aεdδ

ψ2D (1− εdδR∗)
. (217)

Thus,

∂L∗

∂mc

∣∣∣∣
N

= − 1

ψmc
− aεdδ

ψ2D (1− εdδR∗)
. (218)

In particular, if a ≥ 0,

∂L∗

∂mc

∣∣∣∣
N

< 0. (219)

Finally, the equilibrium relationship benefit is

q∗ =
1

ϕ
log

[
βγθ (1 + εd(1− δ)R∗)

κ

]
. (220)
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Therefore,

∂q∗

∂mc

∣∣∣∣
N

=
1

ϕ

εd(1− δ)

1 + εd(1− δ)R∗
∂R∗

∂mc

∣∣∣∣
N

=
aεd(1− δ)

ϕψD [1 + εd(1− δ)R∗]
. (221)

Hence,

∂q∗

∂mc

∣∣∣∣
N

=
aεd(1− δ)

ϕψD [1 + εd(1− δ)R∗]
. (222)

Therefore, for 0 ≤ δ < 1,

sign

(
∂q∗

∂mc

∣∣∣∣
N

)
= sign(a). (223)

Thus, conditional on N ,

a > 0 =⇒ R∗
mc > 0, L∗

mc < 0, q∗mc > 0, (224)

a = 0 =⇒ R∗
mc = 0, L∗

mc < 0, q∗mc = 0. (225)

Q Calculation of ψ and Π

Our sufficient statistic requires estimates of the costs and profits associated with credit
cards at equilibrium.

We use accounting data to recover those costs. The following paragraphs describe
the steps we use to calculate the per-period costs ψ and expected profits Π.

Q1 Calibration of Credit-Card Revenues and Costs in Brazil

We calibrate the revenues and costs associated with a credit-card relationship using
the financial statements of Banco CSF (Banco Carrefour). Banco CSF is particularly
useful for this exercise because its business is concentrated in consumer credit and
credit cards. In 2024, Banco Carrefour reportedmore than six million customers across
the Carrefour, Atacadão, and Sam’s Club cards (Grupo Carrefour Brasil, 2024). We
therefore set the number of card relationships to

N∗ = 6.0million. (226)

Strictly speaking, this is a number of customers rather than physical cards. Hence, the
resulting estimates should be interpreted as costs and revenues per card relationship.
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Our model separates the cost of supplying credit from the fixed cost of maintaining
an additional card relationship:

C(L, q,N) = ψ(L, q) + F (N). (227)

We map customer acquisition, marketing, and card issuance into F (N), while fund-
ing, credit losses, processing, servicing, personnel, network fees, and other operating
expenses are included in ψ(L, q).

Q1.1 Revenue per card

Banco CSF reports, under IFRS, total interest and similar income of

R$3.565 billion (228)

in 2024 and service revenues of

R$2.156 billion. (229)

Thus, total revenues were

R∗ = 3.565 + 2.156 = R$5.721 billion. (230)

Dividing by six million customers gives

R∗

N∗ ≃ R$954 per card relationship per year. (231)

The revenue decomposition is informative. In 2024, Banco CSF reported

interest income on loans = R$3.427 billion, (232)

interchange income = R$0.821 billion, (233)

bank fees = R$0.709 billion. (234)

The bank states that bank fees consist almost entirely of annual card fees: R$707.7 mil-
lion out of R$708.7 million in 2024. Banco CSF also earned R$189.0 million in commis-
sions on purchases made using its cards in Carrefour-group stores and R$118.3 million
in SMS package fees (Banco CSF, 2026a).

A narrower measure containing only revenues that can be directly attributed to the
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card relationship is therefore

Rcard = 3.427 + 0.821 + 0.709 + 0.189 + 0.118

≃ R$5.264 billion, (235)

or approximately

Rcard

N∗ ≃ R$877 per card relationship per year. (236)

The difference between R$954 and R$877 primarily reflects insurance commissions and
income on securities and liquidity holdings. In the baseline accounting-profit calcula-
tion below, we use total revenues because this allows the revenue and cost measures
to reconcile exactly with Banco CSF’s reported profits. The narrower R$877 measure is
useful when mapping revenues more directly into the structural model.

Effective interest return on the credit limit. The contractual interest rate on revolv-
ing card debt substantially overstates the expected interest revenue generated by one
real of credit limit. A large fraction of credit limits is unused, while another substan-
tial fraction finances purchases that do not bear interest, including purchases made
through parcelado sem juros.

Banco CSF explicitly distinguishes interest-bearing loans from non-interest-bearing
payment receivables. The latter include purchases between the transaction and billing
dates as well as interest-free installment purchases (Banco CSF, 2026a).

At year-end 2024, Banco CSF had

interest-bearing loans = R$14.665 billion, (237)

non-interest-bearing payment receivables = R$13.710 billion, (238)

unused credit limits ≃ R$15.987 billion. (239)

Hence, total committed credit was approximately

Lcommit2024 ≃ R$44.36 billion. (240)

The corresponding quantities in 2025 were approximately

interest-bearing loans = R$18.141 billion, (241)

non-interest-bearing payment receivables = R$14.390 billion, (242)

unused credit limits ≃ R$17.701 billion, (243)
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giving
Lcommit2025 ≃ R$50.23 billion. (244)

Using the average of the 2024 and 2025 stocks gives

L
commit ≃ R$47.30 billion. (245)

Banco CSF earned R$4.650 billion in loan interest income during 2025. Consequently,
the realized interest income per real of committed credit limit is approximately

rL =
4.650

47.30
≃ 9.8%. (246)

This measure automatically incorporates the probability that a credit line is unused
and the fact that a large fraction of card balances does not bear interest.

Conditional on carrying an interest-bearing balance, the average yield is substan-
tially larger. Average interest-bearing balances between 2024 and 2025 were approxi-
mately R$16.40 billion, implying

4.650

16.40
≃ 28.3%. (247)

Thus, roughly speaking,
9.8% ≃ 34.7%× 28.3%, (248)

where 34.7% is the ratio of interest-bearing balances to total committed limits.

Q1.2 Relationship cost F (N)

We interpret F (N) as the cost associatedwith creating andmaintaining additional card
relationships rather than the cost generated by the amount of credit actually extended.
We therefore include marketing, customer acquisition, and card issuance in F (N).

Banco CSF reported advertising and marketing expenses of

R$75.85million (249)

in 2024 (Banco CSF, 2026a).
Banco CSF also reports prepaid expenses associated substantially with the acqui-

sition of new customers and the issuance of new cards. The bank states that these
acquisition costs are amortized according to the expected life of the product and the
observed activation rate of physical cards. At the end of 2024, the current portion of
prepaid expenses was

R$114.92million. (250)
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We use the current portion as a proxy for the annual flow of customer-acquisition
and card-issuance costs. This requires a steady-state assumption: the amount of acqui-
sition costs expected to be amortized over the next twelve months is taken to approxi-
mate annual acquisition and issuance expenditure.

The resulting annual relationship cost is

F (N∗) ≃ 75.85 + 114.92

= R$190.77million. (251)

Therefore,
F (N∗)

N∗ ≃ R$31.8 per card relationship per year. (252)

A convenient linear specification around the observed equilibrium is consequently

F (N) ≃ 32N, (253)

when N is measured in card relationships and costs are measured in reais per year.
This construction should be regarded as an approximation. In particular, the

prepaid-expense balance is a balance-sheet stock rather than a separately disclosed
annual expense. However, Banco CSF states that this balance consists substantially
of expenses related to acquiring new customers and issuing new cards, making it a
useful empirical proxy for F (N).

Q1.3 Cost of supplying credit, ψ(L, q)

Rather than attempting to allocate every operating expense individually to card con-
tracts, we construct ψ(L∗, q∗) as the residual cost of operating the credit business after
removing the relationship cost F (N∗).

Banco CSF reported 2024 pre-tax income of

Πpre−tax = R$578.43million. (254)

Since total revenues were R$5.721 billion, total pre-tax accounting costs were

C∗ = 5.721− 0.578 = R$5.143 billion. (255)

Therefore,

ψ(L∗, q∗) = C∗ − F (N∗) ≃ 5.143− 0.191 = R$4.952 billion. (256)
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Dividing by the number of relationships gives

ψ(L∗, q∗)

N∗ ≃ R$825 per card relationship per year. (257)

This residual can be partially decomposed using reported accounting quantities.

Funding costs. Banco CSF reported interest expenses of

Cfund = R$377.70million (258)

in 2024. These expenses include interest on financial bills, time deposits, interbank
deposits, and repurchase agreements (Banco CSF, 2026a). Per card relationship,

Cfund

N∗ ≃ R$63. (259)

Credit-loss costs. Banco CSF reported expected credit-loss expenses of

C loss = R$2.464 billion (260)

in 2024 (Banco CSF, 2026a). These are expenses associated with the expected non-
repayment of credit rather than regulatory capital requirements.

Relative to six million customers,

C loss

N∗ ≃ R$411. (261)

The gross credit portfolio at year-end 2024 was R$28.376 billion, so credit-loss ex-
penses were approximately

2.464

28.376
≃ 8.7% (262)

of the gross credit portfolio.
We use 2024 rather than 2025 for this calculation because Brazil implemented the

expected-credit-loss framework of CMNResolutionNo. 4,966 beginning in 2025, gener-
ating a break in the accounting treatment of provisions (ConselhoMonetário Nacional,
2021).
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Other operating costs. The remaining component is

Coper = ψ(L∗, q∗)− Cfund − C loss

≃ 4.952− 0.378− 2.464

≃ R$2.110 billion. (263)

Thus,
Coper

N∗ ≃ R$352 per card relationship per year. (264)

This residual includes card processing, personnel, IT, Visa and Mastercard fees,
rewards, collection costs, communications, depreciation and amortization, fraud ex-
penses, operating taxes, and other recurring expenses.

For example, in 2024 Banco CSF reported R$362.3 million in data-processing ex-
penses, which the bank explicitly identifies as expenses associated with processing
credit-card transactions. It also reported R$133.9 million in Visa and Mastercard ex-
penses, R$57.0 million in rewards, R$21.2 million in data-transmission expenses, and
R$7.5 million in fraud expenses (Banco CSF, 2026a). These expenses are included in
ψ rather than F , since they arise from operating the contract rather than simply estab-
lishing an additional card relationship.

Combining the components gives

ψ(L∗, q∗)

N∗ ≃ 63︸︷︷︸
funding

+ 411︸︷︷︸
credit losses

+ 352︸︷︷︸
other operating costs

= R$825. (265)

Q1.4 Regulatory capital

The accounting cost above does not include an opportunity cost associated with re-
quired equity capital. Regulatory capital is a stock rather than an accounting expense,
so adding the entire capital requirement to annual costs would be incorrect.

Banco CSF reported credit-risk-weighted assets of

RWAcredit = R$16.276 billion (266)

at the end of 2025. The bank also reports a minimum regulatory capital requirement,
including active buffers, of 10.5% (Banco CSF, 2026b). This implies required capital
against credit risk of approximately

Kcredit = 0.105× 16.276 ≃ R$1.709 billion. (267)

If the required return on equity exceeds the cost of debt funding by∆rK , the annual
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economic cost of regulatory capital is

CK = Kcredit∆rK . (268)

For a baseline equity-funding premium of 7.5 percentage points,

CK = 1.709× 0.075 ≃ R$128million. (269)

Using approximately seven million customers in 2025 gives

CK

N
≃ R$18 per relationship per year. (270)

For an equity-funding premium between 5 and 10 percentage points, the corre-
sponding annual capital cost is approximately R$12–24 per card relationship.

We do not include this imputed capital cost in the accounting-profit calculation be-
low. If the objective is to measure economic rather than accounting profits, it should
be added to ψ.

Q1.5 Implied profit per card

Using the accounting definitions above, annual revenue per relationship is

R∗

N∗ ≃ R$954. (271)

Total pre-tax costs are

ψ(L∗, q∗) + F (N∗)

N∗ = 825 + 32 = R$857. (272)

Hence, pre-tax accounting profit is

Π∗
pre−tax

N∗ ≃ 954− 825− 32 = R$96 per card relationship per year. (273)

Banco CSF reported R$198.1 million in corporate income taxes in 2024 and net in-
come of R$380.3 million. Dividing reported net income by six million customers gives

Π∗
net

N∗ =
380.3

6.0
≃ R$63 per card relationship per year. (274)
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Thus, our preferred accounting calibration can be summarized as

Revenue ≃ R$954,

ψ(L∗, q∗) ≃ R$825,

F (N∗)/N∗ ≃ R$32,

Pre-tax profit ≃ R$96,

Net profit ≃ R$63,

(275)

all expressed per card relationship per year.
If the imputed opportunity cost of regulatory capital is included, our baseline eco-

nomic cost becomes
ψecon(L∗, q∗) ≃ 825 + 18 = R$843 (276)

per relationship, reducing pre-tax economic profit to approximately

R$78 per relationship per year. (277)

Our baseline calibration, expressed entirely as annual rates per real of committed
credit limit, is therefore

Net Revenue ≃ 12.90%L,

Funding cost ≃ 0.85%L,

Credit-loss cost ≃ 5.55%L,

Other operating costs ≃ 4.76%L,

ψ(L, q) ≃ L+ 11.16%L,

F (N∗) ≃ 0.43%L,

ψ(L, q) + F (N∗) ≃ 11.59%L,

Pre-tax profit ≃ 1.30%L,

Net profit ≃ 0.86%L.

(278)

If the opportunity cost of regulatory capital is included, the corresponding
economic-cost calibration is

ψecon(L, q) + F (N∗) ≃ 11.84%L. (279)

Interpretation and assumptions. The calibration relies on five main assumptions.
First, we approximate the number of card relationships by the approximately six mil-
lion Banco Carrefour card customers reported in 2024. Second, the current portion
of prepaid acquisition and card-issuance costs is treated as an annual flow under a
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steady-state assumption. Third, marketing and acquisition/issuance costs are allocated
to F (N), while processing, servicing, funding, credit losses, and other recurring ex-
penses are allocated to ψ(L, q). Fourth, reported net income is used to validate the ag-
gregate accounting decomposition, while the cost of regulatory equity capital is treated
separately as an economic opportunity cost. Finally, the effective return on L is com-
puted using committed limits rather than outstanding balances, thereby accounting for
unused limits and interest-free card balances.

The Banco Central’s study of the Brazilian payment-card industry provides inde-
pendent support for this classification. It separates issuer expenses into credit losses,
processing, marketing and sales, network fees, risk management, and other expenses.
The latter category includes rewards, customer retention, customer service, card pro-
duction and personalization, delivery, billing, personnel, and administrative expenses
(Banco Central do Brasil, 2009). This accounting taxonomy is consistent with separat-
ing relationship-creation costs F (N) from the recurring cost of supplying and operat-
ing credit contracts ψ(L, q).
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R Calibration Theory

We discipline the quantitative model using moments from the Brazilian credit card
market. The objective of the exercise is not to estimate all structural primitives inde-
pendently. Instead, we combine directly observed empirical moments, externally cal-
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ibrated parameters, normalizations, and equilibrium conditions to construct a quanti-
tatively disciplined benchmark economy.

The symmetric equilibrium is characterized by

θ∗c = 1− λ+ λ
1

N∗ , (280)

θ∗cR
∗
c = ψ(L∗, q∗) + [1− εdδR

∗] ε−1, (281)

α =
mc′(L∗

c)

1− εdδR∗
c

, (282)

κ′(q∗) = βV ′(q∗) [εd(1− δ)θ∗cR
∗
c + θ∗c ] , (283)

C ′(N∗) = αL∗ + (1− λ)β [V (q∗)− δR∗] . (284)

We use these conditions to map observable moments into the primitive parameters
of the model.

S Baseline targets

Table A6 summarizes the baseline calibration.

Table A6: Baseline Calibration

Parameter / Moment Symbol Baseline Discipline

Credit limit L∗ 5,000 Brazilian credit card data
Number of cards N∗ 2 Multi-card borrowers
Card survival probability θ∗ 0.91 Default frequency
Distress probability λ 0.18 Implied by (280)
Discount factor β 0.95 External calibration
Effective contractual return R∗/L∗ 1.129 Brazilian card revenues
Effective repayment R∗ 5,645 Implied
Recovery parameter δ 0.80 External calibration
Cost elasticity εmc′,L 1.50 Benchmark curvature
Cost curvature ϕ 0.874 Implied by elasticity target
Borrower utility weight α 1 Normalization
Relationship quality q∗ 1 Normalization

Notes: The calibration combines empirical targets, externally calibrated parameters, nor-
malizations, and parameters backed out from the equilibrium conditions. The effective con-
tractual return is not the posted revolving APR. It should be interpreted as the expected an-
nual return generated by a card relationship, incorporating usage, repayment, installment
borrowing, revolving credit, fees, and other relevant revenues.
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S1 Default and the distress probability

The survival probability of card c is

θ∗c = 1− λ+ λ
1

N∗ . (285)

The first term corresponds to states in which the borrower repays all cards. With
probability λ, the borrower enters a state in which only one card is repaid. Under
symmetry, each card is repaid with probability 1/N∗ in this state.

We set
N∗ = 2. (286)

This is a natural benchmark for borrowers exposed to non-exclusive lending. In
the Brazilian data, multi-card borrowing is quantitatively important: a large fraction of
cardholders have relationships with multiple issuers, and these borrowers account for
the majority of outstanding credit card balances.

We target a survival probability of

θ∗ = 0.91, (287)

corresponding approximately to a 9% probability of default.
With N∗ = 2,

0.91 = 1− λ+
λ

2
(288)

= 1− λ

2
. (289)

Therefore,
λ = 0.18. (290)

Thus, in the baseline calibration, approximately 18% of borrowers experience the
state in which they cannot repay all their cards.

This mapping should be interpreted as an approximation. The empirical default
statistic concerns the probability that a borrower defaults on at least one card, whereas
θc is a card-level survival probability. We therefore examine alternative default defini-
tions and values of λ in robustness exercises.

S2 Credit limit

We normalize the equilibrium credit limit to

L∗ = 5,000. (291)
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This value provides the scale around which we calibrate both the level and curva-
ture of lending costs.

We parameterize marginal lending costs as

mc′(L) = A

[
exp

(
ϕ

L

5,000

)
− 1

]
. (292)

The parameterA determines the level of marginal costs, whereas ϕ determines their
curvature.

The elasticity of marginal cost with respect to the credit limit is

εmc′,L(L) =
∂ logmc′(L)

∂ logL
. (293)

Using (292),

εmc′,L(L) =
ϕ L

5,000
exp

(
ϕ L

5,000

)
exp

(
ϕ L

5,000

)
− 1

. (294)

At the equilibrium limit L∗ = 5,000,

εmc′,L(L
∗) =

ϕeϕ

eϕ − 1
. (295)

We choose a baseline elasticity of

εmc′,L(L
∗) = 1.5. (296)

Solving
ϕeϕ

eϕ − 1
= 1.5 (297)

gives
ϕ ≃ 0.874. (298)

The elasticity of marginal lending costs is difficult to estimate directly. We therefore
treat 1.5 as a benchmark and examine a broad range of values between approximately
1 and 3.

S3 Normalization of borrower utility and the level of costs

The first-order condition determining the credit limit is

α =
mc′(L∗)

1− εdδR∗ . (299)

Since only the relative scale of borrower utility and lending costs matters, we nor-
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malize
α = 1. (300)

The scale parameter A in the cost function is then backed out from the equilibrium
condition:

mc′(5,000) = 1− εdδR
∗. (301)

Using (292),

A =
1− εdδR

∗

eϕ − 1
. (302)

Hence the curvature of costs is calibrated externally through ϕ, while their level is
chosen so that L∗ = 5,000 satisfies the equilibrium condition.

S4 Effective contractual repayment

We set the effective annual contractual repayment to

R∗ = (1 + 0.129)× 5,000 = 5,645 . (303)

Equivalently,
R∗

L∗ = 1.129. (304)

This object should not be interpreted as the posted revolving credit card APR. Re-
volving credit rates in Brazil are much larger. Instead, R∗ represents the effective ex-
pected annual repayment or return associated with a card relationship.

It aggregates the differentways inwhich the credit limit generates revenues, includ-
ing purchases paid in full, installment borrowing, revolving balances, fees, and other
contractual payments. The calibration therefore targets an effective return rather than
the contractual revolving APR.

S5 Informal seniority and the default semi-elasticity

A central parameter of the model is εd, which determines how repayment probabilities
respond to differences in contractual terms and relationship quality.

Because the model is expressed in Brazilian reais, the raw value of this semi-
elasticity can appear numerically small. A representative calibration is

εd =
3.2

0.9
× 10−5 ≃ 3.56× 10−5. (305)

The economically relevant statistic is the dimensionless product

d∗ ≡ εdδR
∗. (306)
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For example, setting
δ = 0.8 (307)

and using R∗ = 5,645 gives

d∗ = (3.56× 10−5)× 0.8× 5,645 (308)

≃ 0.161. (309)

Thus,
1− d∗ ≃ 0.839. (310)

Although εd is smallwhen expressedper real, it therefore generates an economically
substantial wedge in the credit-limit first-order condition.

In the empirical implementation, we discipline εd using repayment priority across
cards. In particular, differences in credit limits and relationship characteristics across
issuers predict which card a borrower chooses to repay when she cannot repay all
lenders. These repayment-priority moments provide direct empirical information
about the strength of informal seniority.

S6 Relationship benefits

The relationship-quality first-order condition is

βV ′(q∗) [εd(1− δ)θ∗R∗ + θ∗] = κ′(q∗). (311)

We normalize
q∗ = 1. (312)

For the baseline, suppose
V (q) = q (313)

and
κ(q) =

kq
2
q2. (314)

Then
V ′(q) = 1, κ′(q) = kqq. (315)

At q∗ = 1,
kq = β [εd(1− δ)θ∗R∗ + θ∗] . (316)

Using

β = 0.95, θ∗ = 0.91, δ = 0.8, R∗ = 5,645, εd = 3.56× 10−5,
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we obtain

kq = 0.95
[
0.91 + (3.56× 10−5)(1− 0.8)(0.91)(5,645)

]
(317)

≃ 0.899. (318)

Thus, a convenient baseline specification is

V (q) = q, κ(q) =
0.899

2
q2. (319)

The curvature of V (q) can be varied in robustness exercises without affecting the
normalization q∗ = 1.

S7 Number of cards and entry costs

We assume that the cost associated with maintaining multiple lending relationships is

C(N) =
ξ

2
(N − 1)2 + η(N − 1) + C0. (320)

Hence,
C ′(N) = ξ(N − 1) + η. (321)

The equilibrium entry condition is

ξ(N∗ − 1) + η = αL∗ + (1− λ)β [V (q∗)− δR∗] . (322)

We target
N∗ = 2. (323)

Rather than attempting to identify ξ and η separately from a single moment, we
choose ξ to satisfy the sufficient condition for uniqueness of equilibrium and back out
η from (322):

η = αL∗ + (1− λ)β [V (q∗)− δR∗]− ξ(N∗ − 1). (324)

Thus, ξ governs the curvature of relationship costs and is varied in robustness ex-
ercises, while η is chosen to ensure that the observed number of card relationships is
an equilibrium outcome.

T Sufficient Statistic with Dynamics

Borrower.

64



Let

θt ≡ θs(Lt+1, Rt), (325)

Qt ≡ (1− λ) + λθt, (326)

where θt is the probability that card c survives conditional on the borrower experienc-
ing financial trouble, andQt is the unconditional probability that card c remains active.

The borrower’s value in the normal state when N cards are chosen is:

Vt = α
N∑
c=1

Lc,t + β

[
(1− λ)

(
Vt+1 −

N∑
c=1

Rc,t

)
+ λmax

c

{
V c,t+1 −Rc,t + vc,t

}]
. (327)

Conditional on default, the borrower keeps only one card and never defaults again.
The value associated with card c in this absorbing state satisfies

V c,t = αLc,t + β
(
V c,t+1 −Rc,t

)
. (328)

Conditional on financial trouble, the borrower therefore chooses

max
c

{
V c,t+1 −Rc,t + vc,t

}
. (329)

It is useful to define the value generated by one card conditional on remaining in
the N -card state:

V s′ = αL0 +
∞∑
t=1

(β(1− λ))t[Lt −Rt] (330)

To derive this, we assumed that the inclusive value does not depend on the number
of cards:

MN ≡ E
[
max
c

{V −R + vc}
]
. (331)

This happens naturallywhen vc are extreme value distributed and the shock are nor-
malized by the number of cards like in the continuum of lender version of the model.

Lenders.
The profit of lender c satisfies

Πt = −ψ(Lt) + β
[
(1− λ) (Rt +Πt+1) + λθt

(
Rt +Πt+1

)]
. (332)

Following borrower default, the lender is the only surviving lender. Its continuation
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profit therefore satisfies

Πt = −ψ(Lt) + β
(
Rt +Πt+1

)
. (333)

Holding future contract terms fixed, the derivativewith respect to the current credit
limit, current repayment and future credit limit is:

ΠLt = −ψL(Lt) (334)

ΠRt = β
[
Qt + λθRt

(
Rt +Πt+1

)]
. (335)

ΠLt+1 = β
[
λθLt+1

(
Rt +Πt+1

)
−QtψL(Lt+1)

]
. (336)

Denoting by D the demand for the lender’s contract, the lender’s first-order condi-
tions are

DLtΠt +DΠLt = 0, (337)

DLt+1Πt +DΠLt+1 = 0, (338)

DRtΠt +DΠRt = 0. (339)

Social Planner.
Repayments are transfers between borrowers and lenders and therefore do not enter

social welfare directly. The planner’s value satisfies

Wt = N [αLt − ψ(Lt)] + β
[
(1− λ)Wt+1 + λW t+1

]
. (340)

Following default, only one card remains, so that

W t = αLt − ψ(Lt) + βW t+1. (341)

Let total welfare be

W = W − C(N). (342)

The planner’s first-order condition with respect to the credit limit and with respect
to the number of cards is

α =
∞∑
t=0

(β(1− λ))tLs − ψt = C ′(N) (343)

Sufficient-statistic weights.
Suppose that demand depends on the borrower’s utility, D = D(V ). The relevant

66



derivatives of borrower utility are

VLt = α, (344)

VRt = −βQt, (345)

VLt+1 = βQtα. (346)

Define

St ≡ Rt +Πt+1. (347)

Combining the lender’s first-order conditions with respect to Lt and Rt gives

ψL(Lt)

α
= 1 +

λθRt

Qt

St. (348)

Combining the lender’s first-order conditions with respect to Rt and Lt+1 gives

1 +
λθRt

Qt

St =
ψL(Lt+1)

α
+
λθLt+1

αQt

St. (349)

⇐⇒ ψL(Lt+1)

α
= 1− [

λθLt+1

αQt

− λθRt

Qt

]St (350)

Thus, defining the sufficient-statistic weights as normalized wedges, we obtain

wLt = −λθRt

Qt

(
Rt +Πt+1

)
, (351)

wLt+s = − λ

Qt+s

(
θLt+1

α
+ θRt

)(
Rt +Πt+1

)
. (352)

wN =
∞∑
t=1

(β(1− λ))tRt −
∞∑
t=0

(β(1− λ))tψt (353)

=
β(1− λ)R− ψ(L)

1− β(1− λ)
When Rt and ψt constant (354)

U Lending costs

We assume that the cost of extending a credit limit L is convex and takes the form

ψ(L) =
mc

ϕ

(
eϕL − 1

)
, mc > 0, ϕ > 0. (355)

When the lender’s first-order condition is

ψL(L
∗) = α(1− d), (356)
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then

L∗ =
1

ϕ
log

(
α(1− d)

mc

)
. (357)

We discipline the level and curvature of ψ separately. Our baseline calibration im-
plies annual variable costs of approximately 11.2% of the credit limit at the represen-
tative card. Normalizing the benchmark limit to L̄ = R$5, 000, we choose the scale
parameter so that

ψ(L̄) = 1.112 L̄ = R$5, 560. (358)

The curvature parameter is conveniently summarized by the elasticity of lending costs
with respect to the credit limit,

ηψ(L) ≡
LψL(L)

ψ(L)
. (359)

Writing ℓ = L/L̄ and

ψ(ℓ) = A
(
eϕℓ − 1

)
, (360)

the cost elasticity at the benchmark is

ηψ(L̄) =
ϕeϕ

eϕ − 1
. (361)

Our baseline sets ηψ(L̄) = 1.5, which corresponds approximately to ϕ = 0.87. Matching
the level of costs then implies

ψ(L) = 4, 008.91

[
exp

(
0.87

L

5, 000

)
− 1

]
. (362)

At the benchmark limit, this yields an annual cost of R$5,560 and a marginal cost of
approximately 16.8% per additional real of credit limit.

U1 Sufficient Statistic calcualtion

We have: β = 0.95, θ = 0.9, λ = 0.8,R∗ = (1+12.9%) ·L = 5, 645), ψ = (1+11.11%) ·L =

5, 555 and Π = 0.0086 · L · 1
1−βθ = 43 · 8.4 = 361.

Using those values, the weights are: wN = β(1−λ)R∗−ψ∗

1−βλ = 0.8∗0.95∗5, 645−5, 555 =

−1, 264.8. wL0 =
3.2
0.9

·10−5(5, 645+361) ≈ 0.2135 andwLs = −1.6−3.2
0.9

·10−5∗(5, 645+361) ≈
0.1068, we thus have

∑∞
1 (βθ)twLs = 0.95 ∗ 0.9 ∗ 1

1−0.95∗0.9 ∗ 0.1068 ≈ 0.6295.
Using the difference-in-differences estimates (10 per cent increase in cards, 100 reais
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Table A7: First-Best Credit Limit for Different Cost Elasticities

Elasticity of ψL ϕ LFB Increase over 5,000
1.05 0.098 5,566.2 11.32%
1.10 0.194 5,537.9 10.76%
1.25 0.464 5,468.0 9.36%
1.50 0.874 5,385.3 7.71%
1.75 1.247 5,327.8 6.56%
2.00 1.594 5,285.5 5.71%
2.50 2.232 5,227.2 4.54%
3.00 2.821 5,188.9 3.78%

more revolved per card), we get that: dW = 0.10 ∗ (−1264) + 100 ∗ 0.21 + 100 ∗ 0.629 =

−42.5.
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